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a b s t r a c t 

While deep learning methods have demonstrated performance comparable to human readers in tasks 

such as computer-aided diagnosis, these models are difficult to interpret, do not incorporate prior do- 

main knowledge, and are often considered as a “black-box.” The lack of model interpretability hinders 

them from being fully understood by end users such as radiologists. In this paper, we present a novel in- 

terpretable deep hierarchical semantic convolutional neural network (HSCNN) to predict whether a given 

pulmonary nodule observed on a computed tomography (CT) scan is malignant. Our network provides 

two levels of output: 1) low-level semantic features; and 2) a high-level prediction of nodule malignancy. 

The low-level outputs reflect diagnostic features often reported by radiologists and serve to explain how 

the model interprets the images in an expert-interpretable manner. The information from these low-level 

outputs, along with the representations learned by the convolutional layers, are then combined and used 

to infer the high-level output. This unified architecture is trained by optimizing a global loss function in- 

cluding both low- and high-level tasks, thereby learning all the parameters within a joint framework. Our 

experimental results using the Lung Image Database Consortium (LIDC) show that the proposed method 

not only produces interpretable lung cancer predictions but also achieves better results compared to us- 

ing a 3D CNN alone. 

© 2019 Elsevier Ltd. All rights reserved. 
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1. Introduction and background 

Lung cancer is the leading cause of cancer mortality world-

wide ( Torre, Siegel, & Jemal, 2016 ). Computed tomography (CT)

imaging is increasingly being used to detect and characterize pul-

monary nodules with the purpose of diagnosing lung cancer ear-

lier. The National Lung Screening Trial (NLST) ( Team et al., 2011 )

in the United States demonstrated a 20% lung cancer mortality re-

duction in high-risk subjects who underwent screening using low-

dose CT relative to plain chest radiography. Based on the find-

ings of the NLST, the United States Preventative Services Task Force

(USPSTF) recommends low-dose CT lung cancer screening for cur-

rent and former smokers aged 55–80 with a smoking history of

at least 30 pack-years, or former smokers having quit within the

past 15 years ( ten Haaf et al., 2017 ). However, the potential con-
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equences of implementing lung cancer screening is an increase

n false positive screens that result in unnecessary medical, eco-

omic, and psychological costs. Indeed, some studies indicate that

he false positive rate for low-dose CT is upwards of 20%. Moreover,

etection rates vary among less experienced radiologists, particu-

arly in subtle cases, as interpretation heavily relies on past expe-

ience ( Zhao et al., 2013 ). Fig. 1 illustrates examples of malignant

top row, R1) and benign (bottom row, R2) nodules. The visual ap-

earance of these nodules is highly varied with subtle differences

n size, shape, and texture, underscoring the challenge faced by ra-

iologists in differentiating between the two categories. 

In response, computer-aided diagnosis (CADx) systems ( Amir &

ehmann, 2016; Armato et al., 2003; Duggan et al., 2015; Firmino,

ngelo, Morais, Dantas, & Valentim, 2016; Huang et al., 2017; Shen,

ui, Cong, & Hsu, 2015a ) have been explored to classify small nod-

les as benign or malignant ( Huang et al., 2017 ). While architec-

ures may vary, contemporary lung nodule CADx systems typically

onsist of modules that perform: 1) image reconstruction and en-

ancement (image pre-processing); 2) identification and segmen-

ation of nodule candidates (candidate generation); 3) characteri-

ation and filtering of nodule candidates (false positive reduction);
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Fig. 1. Illustrations of malignant and benign nodules: R1 are malignant nodules; R2 are benign nodules. 

a  

a  

n  

p  

o  

b  

s  

t  

l  

f  

u  

c  

c  

r  

i  

&  

i  

2  

t  

s  

t  

f  

(  

c  

w  

b

 

2  

C  

c  

f  

l  

f  

i  

F  

d  

T  

s  

p  

o  

f  

2  

C  

d  

t  

i  

b  

u  

c  

i  

t  

S  

p  

l  

r  

a  

h  

i  

t  

O  

C  

p

 

s  

l  

g  

t  

s  

s  

i  

n  

H  

c  

u  

t  

p  

o  

d  

 

m  

a  

i  

o  

i  

r  

c  

t  

A  

t  

r  

i  

n  
nd 4) classification of each candidate as benign or malignant (di-

gnosis). For example, Armato et al. (2003) segmented the lung

odule using multilevel thresholding techniques; extracted mor-

hological and gray-level features; and classified nodules as benign

r malignant using linear discriminant analysis. Zinovev, Feigen-

aum, Furst, and Raicu (2011) employed both texture and inten-

ity features using belief decision trees and a multi-label approach

o perform lung nodule classification. Way et al. (2009) segmented

ung nodules using k-means clustering, combined nodule surface

eatures together with texture and morphological features, and

sed linear discriminant analysis to diagnose malignant lung can-

ers. However, these approaches achieve variable performance be-

ause 1) nodules are inherently difficult to segment due to the

ange of nodule morphology and potential overlap with surround-

ng structures (e.g., chest wall, vessels) ( Shen, Zhou, Yang, Yang,

 Tian, 2015b ); and 2) extracted features vary due to differences

n segmentation results and acquisition parameters ( Piedra et al.,

016 ). Thus, using segmented regions may lead to inaccurate fea-

ures that are subsequently used as inputs into downstream clas-

ifiers ( Shen et al., 2017 ). Another critical question raised by this

ype of CADx design is how to define the “optimal” subset of

eatures that can best encode characteristics of the lung nodule

 Ciompi et al., 2015 ). The optimal feature set is dependent on the

haracteristics of the dataset and methods used to train the model,

hich lead to models that perform well on their training dataset

ut not other datasets. 

To overcome these issues, deep learning methods ( Ciompi et al.,

015; Hua, Hsu, Hidayati, Cheng, & Chen, 2015; Kumar, Wong, &

lausi, 2015; Shen et al., 2015b; Shen et al., 2017 ), particularly

onvolutional neural networks (CNNs), have recently been used

or lung nodule classification, with promising results. These deep

earning models adaptively learn the optimal representation in a

ully data-driven way, taking raw image data as input without rely-

ng on a priori nodule segmentation masks or handcrafted features.

or instance, Kumar et al. (2015) first trained an unsupervised

eep autoencoder to extract latent features from 2D CT patches.

hese extracted deep features were then used together with deci-

ion trees to predict lung cancer. Similarly, Hua et al. (2015) em-

loyed supervised techniques with a deep belief network and CNN,

utperforming methods that use scale-invariant feature trans-

orm (SIFT) features and local binary patterns (LBP) ( Farag et al.,

011 ); and using fractal analysis ( Lin, Huang, Lee, & Wu, 2013 ).

iompi et al. (2015) used pre-trained CNN models to classify can-

idates as peri-fissural nodules (PFNs) or non-PFNs. Deep fea-

ures were extracted from the pre-trained model for three 2D

mage patches in axial, coronal, and sagittal views. An ensem-
le of the deep features and bag-of-frequency features were then

sed to train supervised binary classifiers for the PFN classifi-

ation task. Shen et al. (2015b) designed a multi-scale CNN us-

ng 3D nodule patches at three different resolutions to perform

he lung cancer diagnosis task. This work is further extended in

hen et al. (2017) by adding a multi-crop pooling strategy to im-

rove model performance. Markedly, these cited works use deep

earning as a “black-box” and do not attempt to explain what

epresentations have been learned or why the model generates

 given prediction. This low degree of interpretability arguably

inders target end users, such as radiologists, from understand-

ng how the models work and ultimately impedes model adop-

ion for clinical usage. As discussed in Jorritsma, Cnossen, and van

oijen (2015) , interpretability is critical in facilitating radiologist-

ADx interactions by providing transparent and trustworthy

redictions. 

A number of radiologist-interpreted features derived from CT

cans have been considered influential when assessing the ma-

ignancy of a lung nodule ( Erasmus, Connolly, McAdams, & Rog-

li, 20 0 0; Kim, Park, Goo, Wildberger, & Kauczor, 2015 ). These fea-

ures are referred to as semantic features in this study. Examples of

uch semantic features include nodule spiculation, lobulation, con-

istency (texture), and shape. Although qualitative in nature, stud-

es have shown that these semantic features can be characterized

umerically using low-level image features ( Kaya & Can, 2015 ).

ancock and Magnan (2016) demonstrated that machine learning

an achieve high prediction accuracy for lung cancer malignancy

sing only semantic features as inputs. In addition, semantic fea-

ures are intuitive to radiologists and are moderately robust against

erturbations in image resolution and reconstruction kernel. An

pportunity exists to incorporate these semantic features into the

esign of deep learning models, combining the advantages of both.

In this study, we propose a novel interpretable hierarchical se-

antic convolutional neural network (HSCNN) to predict whether

 nodule is malignant in CT images. The HSCNN takes the raw CT

mage cubes centered at nodules as input and generates two levels

f outputs. The first predictive level provides intermediate outputs

n terms of diagnostic semantic features, while the second level

epresents the final lung nodule malignancy prediction score. Jump

onnections are employed to feed the information learned from

he first level semantic features to the final malignancy prediction.

s such, our first level outputs provide explanations about what

he HSCNN model has learned from the raw image data and cor-

elates semantic features with the specific malignancy prediction;

t also provides additional information to improve the final malig-

ancy prediction task through the jump connections. This entire
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model is trained by minimizing a global cost function, where both

first- and second-level task losses are included. 

The contributions of this paper are threefold: 

1. We describe an approach to build a radiologist-interpretable

deep convolution neural network. The intermediate outputs

from the model give predictions of diagnostic semantic fea-

tures associated with the final classification, helping to ex-

plain the prediction. 

2. We provide a hierarchical design that integrates both seman-

tic features and deep features to predict malignancy. Shared

convolution modules in the HSCNN are used to learn gen-

eralizable features across tasks. The information learned for

each specific low-level semantic feature is then fed into the

final high-level malignancy prediction task. 

3. We present a new global cost function to train the whole

model jointly, taking both first- and second-level outputs

into consideration simultaneously. The new objective func-

tion concurrently handles data imbalance issues for both

tasks. 

The remainder of this paper is organized as follows. In

Section 2 , we describe the dataset used in this study and the pro-

posed HSCNN model. In Section 3 , we present results and compare

the proposed method with a traditional 3D CNN. In Sections 4 and

5 , we discuss the findings and limitations of the work. 

2. Materials and methods 

2.1. Lung image database consortium dataset 

The Lung Image Database Consortium image collection (LIDC-

IDRI) ( Armato et al., 2011 ) is a publicly available dataset, which we

used to train and test our proposed methods. LIDC-IDRI contains

both screening and diagnostic CT scans collected from 7 academic

centers and 8 medical imaging companies. Inclusion criteria for

CT scans were: 1) having a collimation and reconstruction interval

no greater than 3 mm; and 2) each scan approximately containing

no more than 6 lung nodules with the longest dimension ranging

from 3 to 30 mm, as determined by a cursory review during case

selection at the originating institution ( Armato et al., 2011 ). The

slice thicknesses varied from 0.6 to 5 mm, and the in-plane pixel

size varied from 0.461 to 0.977 mm. LIDC-IDRI contains 1018 cases

(representing 1010 different patients, 8 patients having 2 distinct

scans); each case consists of at least one CT scan and associated

eXtensible Markup Language (XML) file, containing nodule annota-

tions made by up to four human readers following a two-phase

image annotation process. Pixel-level 3D contour segmentations,

assessment of nodule likelihood for malignancy, and interpretation

of eight nodule characteristics were provided for nodules ≥ 3 mm.

We considered the following eight nodule characteristics as se-

mantic features: calcification, subtlety, lobulation, sphericity, inter-

nal structure, margin, texture, spiculation, and malignancy. Each

feature was rated from 1 to 5 or 6 by each reader. Table 1 lists

the description and definitions for each of the labels from McNitt-

Gray et al. (2007) . 

2.2. Our usage of the LIDC dataset 

A nodule could be associated with up to 4 annotations, depend-

ing on how many of the readers demarcated the nodule. We used

a list provided in Reeves and Biancardi (2011) to determine which

annotations referred to the same nodule. Only nodules identified

by at least three radiologists were included in this study. CT scans

with slice thickness larger than or equal to 3 mm were also ex-

cluded. Fig. 2 summarizes the inclusion criteria for this study, re-

sulting in the inclusion of 4252 nodule annotations. Each anno-
ation was considered independently (e.g., an object marked by

ll four radiologists as a nodule was considered as four indepen-

ent nodules) to maximize the use of available annotations and

o follow the convention used in prior studies ( Clark et al., 2013;

roz et al., 2017; Hancock & Magnan, 2016 ). Uniform labels for

ach feature were assigned to all annotations that referred to the

ame nodule. As shown in Table 1 , the LIDC annotation process

mployed one ordinal feature (likelihood of malignancy) and four

emantic features (margin, sphericity, nodule subtlety, and texture

consistency)). Scores for these five nodule characteristics were av-

raged as in Shen et al. (2015b) and then binarized: average scores

etween 1–3 were assigned Label 0 while 4–5 were assigned La-

el 1. Label 0 typically indicated a benign nodule, poorly defined

argin, lesser roundness, poor conspicuity between nodule and

urroundings, and a non-solid (ground-glass-like) consistency. Con-

ersely, Label 1 more typically denoted a malignant nodule, sharp

argins, higher sphericity, high conspicuity between nodule and

urroundings, and solid consistency. Calcification was handled dif-

erently: annotations were made using a categorical scale from 1

o 6. Here, nodules with averaged ratings of 6 were labeled as

bsence of calcification pattern (Label 1); all other ratings repre-

ented the presence of calcification (Label 0). 

The feature “internal structure” was overwhelmingly anno-

ated as soft tissue, thus provided little discriminative informa-

ion ( Hancock & Magnan, 2016 ) and was excluded from our analy-

is. Moreover, the Cancer Imaging Archive (TCIA) reported that an

ndeterminate subset of cases in the dataset were inconsistently

nnotated with respect to spiculation and lobulation ( The Can-

er Imaging Archive, 2017 ). As such, we did not consider these

wo features in our model. Finally, it should be noted that biopsy-

onfirmed diagnoses of the nodules were not known. For the pur-

oses of this work, the likelihood of malignancy served as the

roxy for truth. Table 2 summarizes the generation of the binary

abels from LIDC rating scales as described above. Table 3 lists the

ata counts for each label of the nodule characteristics. 

.3. Data preprocessing 

The LIDC dataset contains a heterogeneous set of scans ob-

ained using various acquisition and reconstruction parameters.

o normalize pixel values, all CT scans were first transformed to

ounsfield (HU) scales using the information in the DICOM (Dig-

tal Imaging and Communication in Medicine) series header and

onverted to a range of (0, 1) from (–10 0 0, 50 0 HU). A 3D patch

ized 40 × 40 × 40 mm were extracted for each candidate. Each

atch was centered around the candidate. 40 mm was chosen so

hat all candidates would be fully contained in the patch as the

argest nodules in our subset were 30 mm in diameter. We then

escaled each patch to a fixed size of pixels in all three dimensions,

esulting in isotropic cubes for all cases. During preprocessing, we

etained the original relative nodule size information within each

atch with the belief that nodule size is informative in subsequent

rediction tasks. 

.4. Hierarchical semantic convolutional neural network 

The proposed HSCNN utilizes a 3D patch capturing the lung

odule as input and outputs two levels of predictions, as shown in

ig. 3 . This architecture comprises three parts: 1) a feature learn-

ng module; 2) a low-level task module; and 3) a high-level task

odule. The feature learning module adaptively learns the image

eatures that are generalizable across different tasks. The low-level

ask predicts five semantic diagnostic features: margin, texture,

phericity, subtlety, and calcification. The high-level task incorpo-

ates information from both the generalizable image features and
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Table 1 

Nodule characteristics and their labels, as provided in the LIDC dataset. 

Semantic feature Description Ratings 

Malignancy Likelihood of malignancy 1. Highly unlikely 

2. Moderately unlikely 

3. Indeterminate 

4. Moderately suspicious 

5. Highly suspicious 

Margin How well defined the margins are 1. Poorly defined 

2. 

3. 

4. 

5. Sharp 

Sphericity Three dimensional shape in terms of roundness 1. Linear 

2. 

3. Ovoid 

4. 

5. Round 

Subtlety Difficulty of detection relative to surround 1. Extremely subtle 

2. Moderately subtle 

3. Fairly subtle 

4. Moderately obvious 

5. Obvious 

Spiculation Degree of exhibition of spicules 1. Marked 

2. 

3. 

4. 

5. None 

Radiographic solidity (texture) Internal texture (consistency) of nodule 1. Non-solid 

2. 

3. Part Solid 

4. 

5. Solid 

Calcification Presence and pattern of calcification 1. Popcorn 

2. Laminated 

3. Solid 

4. Non-central 

5. Central 

6. Absent 

Internal structure Expected internal composition of the nodule 1. Soft tissue 

2. Fluid 

3. Fat 

4. 

5. Air 

Lobulation The presence and degree of lobulation of the nodule margin 1. Marked 

2. 

3. 

4. 

5. None 

Fig. 2. Lung nodule inclusion criteria. 

Table 2 

Summary of how LIDC rating scales for nodule characteristics were binarized. 

Nodule characteristics Label 0 Label 1 

Malignancy Scale 1–3 Scale 4–5 

Benign Malignant 

Sphericity Scale 1–3 Scale 4–5 

Lesser roundness High degree of roundness 

Margin Scale 1–3 Scale 4–5 

Poorly defined margin Sharp margin 

Subtlety Scale 13 Scale 4–5 

Poor contrast between nodule and surroundings High contrast between nodule and surroundings 

Texture Scale 1–3 Scale 4–5 

Non-solid internal density Solid internal density 

Calcification Scale 1–5 Scale 6 

Presence of calcification Absence of calcification 
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Fig. 3. Model architecture of the hierarchical semantic convolutional neural network. 

Table 3 

Label counts for nodule characteristics. 

Nodule characteristics Label 0 (#) Label 1 (#) Total (#) 

Malignancy 3212 1040 4252 

Sphericity 2304 1948 4252 

Margin 1640 2612 4252 

Subtlety 1570 2682 4252 

Texture 518 3734 4252 

Calcification 496 3756 4252 
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the low-level tasks to produce an overall prediction of lung nodule

malignancy. 

The feature learning module ( Fig. 3 , feature learning) consists

of two convolution module blocks where each block shares the

same structure and contains two stacked 3D convolution layers fol-

lowed by batch normalization and one 3D average pooling layer.

Each convolution layer has a kernel size of 3 × 3 × 3. These layers

perform the convolution operation on input feature maps along all

three dimensions of the input cube to produce an output feature

map defined by: 

f j = 

∑ 

i 

c j ∗ f i + b j (1)

where f j and f i are the j th output feature map and i th input fea-

ture map, respectively. And c j is the j th convolution kernel and
∗ represents the 3D convolution operation between the convolu-

tion kernel and input feature map. b j is the j th bias corresponding

to the j th convolution kernel. After convolution, batch normaliza-

tion is applied to all output feature maps to accelerate the train-

ing process and reduce the internal covariate shift by normalizing

the feature maps ( Ioffe & Szegedy, 2015 ). Rectified linear units (Re-

LUs) ( Krizhevsky, Sutskever, & Hinton, 2012 ) are used as the non-

linear activation functions to take the output from batch normal-

ization. 16 feature maps are used for both convolution layers in

the first convolution module, and 32 feature maps are adopted for

both convolution layers in the second convolution module. A 3D

max pooling layer is used in the end for each convolution module

block to progressively reduce the spatial size of the feature maps to

reduce the number of parameters and control for overfitting. This
ayer is defined as: 

ˆ f i x,y,z = max { f i x ′ ,y ′ ,z ′ ; x ′ ∈ [ x · s x , x · s x + d x − 1] , 

y ′ ∈ [ y · s y , y · s y + d y − 1] , (2)

z ′ ∈ [ z · s z , z · s z + d z − 1] } 
here x (the row index), y (the column index), and z (the depth

ndex) start from zero. Here, s is the stride size (downscale factor)

nd d is the size of the max pooling window. We employ a pool-

ng window size of d = (2 , 2 , 2) and stride size of s = (2 , 2 , 2) . This

esign downsamples the input feature maps by a factor of 2 across

ll three cube dimensions. This pooling layer has no learnable pa-

ameters. 

After the last convolutional module, output features are fed si-

ultaneously into the low- and high-level task modules. The low-

evel task module ( Fig. 3 , low-level task) consists of five branches,

ach with the same architecture, representing a distinct semantic

eature (i.e., texture, margin, sphericity, subtlety, or calcification). A

ully-connected layer (densely-connected) is the major basic build-

ng block for each of these branches. One fully-connected layer

onnects each input unit to each output unit, designed to capture

orrelations from all input feature units to the output. Batch nor-

alization and dropout techniques are both used to control model

verfitting. The dropout method randomly removes connections

etween input and output units during network training to prevent

nits from co-adapting too much ( Srivastava, Hinton, Krizhevsky,

utskever, & Salakhutdinov, 2014 ). Two fully-connected layers are

mployed before the final binary prediction with 256 neurons and

4 neurons for the first and second layer, respectively. 

The high-level task module ( Fig. 3 , high-level task) predicts

hether the nodule is malignant. This module combines the out-

ut features from the feature learning module and each of the

ow-level task branches as its input. As shown in Fig. 3 , the out-

ut feature maps from the last convolution module are used, along

ith the output from the last second fully-connected layer of each

ubtask branch. This design makes the final prediction utilize the

asic features learned from the shared convolution modules and

orces the convolution blocks to extract representations that are

eneralizable across all tasks. It also makes use of the informa-

ion learned from each related semantic subtask to ultimately
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Table 4 

Results comparison: HSCNN versus 3D CNN. 

Model AUC (SD) Accuracy (SD) Sensitivity (SD) Specificity (SD) 

3D CNN 0.847 (0.024) 0.834 (0.022) 0.668 (0.040) 0.889 (0.022) 

HSCNN 0.856 (0.026) 0.842 (0.025) 0.705 (0.045) 0.889 (0.022) 
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nfer nodule malignancy. The last fully-connected layer in each

ubtask branch is trained to extract representations more spe-

ific to the corresponding subtask compared to the second to last

ully-connected layer. Thus, the second to last layer of the subtask

ranch is chosen to provide less specific but salient information

or the final malignancy prediction task. The concatenated features

re inputted into a fully-connected layer with 256 neurons, fol-

owed by a batch normalization operation before the final malig-

ancy prediction. 

To jointly optimize the HSCNN during network training, a global

oss function is proposed to maximize the probability of predicting

he correct label for each task by: 

 global = 

1 

N 

N ∑ 

i =1 

( 

5 ∑ 

j=1 

λ j · L j,i + L M,i 

) 

(3) 

here N is the total number of training samples and i indicates

he i th training sample. j is the j th subtask and j ∈ [1, 5]. λj is the

eighting hyperparameter for the j th subtask. L j,i represents the

oss for sample i and task j. L M,i is the loss for the malignancy pre-

iction task for the i th sample. Each loss component is defined as

eighted cross entropy loss by: 

 j,i = − log 

(
e f y i , j / 

∑ 

n 

e f y n , j 

)
· ω y i , j (4) 

here y i is true label for the i th sample ( x i , y i ). Here, y i equals

 or 1. f y i , j is the prediction score of the true class y i for task j

nd f y n , j represents a prediction score for class y n . We use ω y i , j 

o represent the weight of class y i for task j . The use of ω y i , j is

mportant because the labels are imbalanced in all of the tasks,

nd ω y i , j is helpful in reducing the training bias introduced by

uch data imbalance. Specifically, ω y i , j weights each class loss

roportional to the reciprocal of the class counts in the training

ata. For instance, ω y i =0 , j = N y i =1 , j / (N y i =0 , j + N y i =1 , j ) and ω y i =1 , j =
 y i =0 , j / (N y i =0 , j + N y i =1 , j ) . N y i =1 , j represents the total count of sam-

les in the training data for task j , where the true class label

quals 1. The global loss function is minimized during the train-

ng process by iteratively computing the gradient of L global over the

earnable parameters and updating the parameters through back-

ropagation. During training, model learnable parameters are ini-

ialized using the Xavier algorithm ( Glorot & Bengio, 2010 ) and

re updated using the Adam stochastic optimization algorithm

 Kingma & Ba, 2014 ). 

.5. Training 

We performed model training, validation, and testing using 897

IDC cases, selected as described in Section 2.2 . A 4-fold cross-

alidation study design was employed to obtain the final assess-

ent of the model performance. Within each fold, we split these

ases into four subsets, where each subset had a similar number

f nodules. 2 subsets are used for training, 1 subset for validation,

nd 1 subset for holdout testing. The validation set is used to tune

he hyperparameters, and the test set is employed as an external

oldout to report the final model performance. Each subset is used

s the test set once during the cross-validation. This design ensures

hat the test set is independent of model training and parameter

ptimization and reflects the true model performance without in-

ormation leakage. Earlier studies in Kumar et al. (2015) ; Shen et al.

2015b , 2017) and Hua et al. (2015) only use training and valida-

ion splits during the cross-validation process, without considera-

ion for holdout test sets. Such designs arguably have information

eakage and may overestimate model performance. 

To better control for model overfitting, 3D data augmentation

as applied during the training process. Data augmentation arti-

cially inflates the dataset by using label-preserving transforms to
enerate more data examples and is considered as a model regular-

zation scheme ( Krizhevsky et al., 2012 ). One or more random op-

rations were applied to each training dataset to generate artificial

amples. The spatial affine operations used in this study included

ranslating the position of the nodule within 4 mm or flipping the

D nodule cube along one of the three axes. The translation limit

as set to 4 mm to ensure that the boundaries of the largest nod-

les were captured properly in the 3D cube (40 × 40 × 40 mm). 

. Experimental results 

This section first describes how we trained the models. We

ompare our model to a traditional 3D CNN model and other state-

f-the-art methods. We also evaluate the accuracy of semantic fea-

ure predictions, providing illustrations of correct and incorrect

redictions ( Table 4 ). 

.1. Model training 

Models were trained for 300 epochs during each fold of cross-

alidation. After 100 epochs of training, the model loss on the

alidation set became stable. The best model for each fold was

hosen to be the one that achieved the lowest malignancy pre-

iction loss on the validation dataset. Only the independent test

ataset was used to calculate end model performance. An on-

ine augmentation scheme was employed during model training:

uring each training epoch, additional artificially created training

amples were generated by randomly picking one or multiple aug-

entation operations, as described in Section 2.5 . The same aug-

entation process was also applied to the validation dataset. To

apture a majority of nodule morphology while reducing the in-

ut data dimensions, the input nodule cube size was set to be

2 × 52 × 52 voxels. The learning rate was set to be 0.001. The

onvolution kernel size, number of feature maps, pooling win-

ow size, downscale factor, and number of neurons for each

ully-connected layer were reported in Section 2.4 . The choices

f these parameters have been commonly used, as shown in

rizhevsky et al. (2012) and Simonyan and Zisserman (2014) . The

yperparameters presented in Eq. (3) were chosen by using a ran-

omized coarse-to-fine grid search with the validation dataset in

he first 20 epochs of each fold ( Bergstra & Bengio, 2012 ). 

The proposed HSCNN model was implemented in Python

.7 with TensorFlow ( Abadi et al., 2016 ) and the Keras toolkit

 Chollet et al., 2015 ). All experiments were performed on a server

ith 6-core Intel Xeon E5-2630 processor, 32GB memory, and one

VIDIA TITAN Xp GPU (12GB onboard memory). The training of

ne HSCNN model took about 5 hours for 300 epochs. 

.2. Malignancy prediction results 

To evaluate and compare the HSCNN performance on lung

odule malignancy prediction, a 3D convolutional neural network

3D_CNN) was implemented as a baseline model, shown in Fig. 4 b.

his 3D CNN uses the same feature learning and high-level task

odules as the HSCNN but does not include the low-level subtask

odule. The baseline model was trained and evaluated using the

ame 4-fold cross-validation process and with the same data split-

ing for each fold (using the same randomization seed). 



90 S. Shen, S.X. Han and D.R. Aberle et al. / Expert Systems With Applications 128 (2019) 84–95 

Fig. 4. Comparison of model architectures between (a) the proposed HSCNN and (b) a baseline 3D CNN. The baseline model has the same structure as the HSCNN but 

without the low-level semantic task component. 

Table 5 

Paired t -test summarizes for AUC scores between HSCNN 

and 3D CNN model on test set of each fold. CI represents 

for confidence interval. 

Test fold HSCNN 3D CNN AUC difference 

AUC AUC (HSCNN – 3D_CNN) 

Fold 1 0.878 0.869 0.009 

Fold 2 0.813 0.807 0.006 

Fold 3 0.874 0.862 0.012 

Fold 4 0.860 0.851 0.009 
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Fig. 5 shows the receiver operating characteristic (ROC) curve

plots comparing HSCNN versus 3D CNN performance. These plots

represent the intuitive trade-off between sensitivity and specificity.

By visual inspection of the ROC curves, HSCNN performs better

than the traditional 3D CNN model. The area under the ROC curve

(AUC) quantitatively compares the overall performance of a clas-

sification model and is frequently used as a metric to access per-

formance in nodule classification ( Ciompi et al., 2015; Clark et al.,

2013; Froz et al., 2017; Hancock & Magnan, 2016; Shen et al.,

2017 ). Table 5 summarizes the mean AUC score, accuracy, sensitiv-

ity, and specificity for both models. The HSCNN model achieved a

mean AUC 0.856, mean accuracy 0.842, mean sensitivity 0.705 and

mean specificity 0.889; while the 3D CNN model achieved a mean

AUC 0.847, mean accuracy 0.834, mean sensitivity 0.668 and mean

specificity 0.889. Both ROC plots and metric assessments show that

the proposed HSCNN achieved better performance for malignancy

prediction compared with the conventional 3D CNN approach. 

To assess the statistical significance of model performance im-

provements, we conducted a sign test t to evaluate the difference

in AUC scores between the HSCNN and 3D CNN model. Group 1

consists of the AUC score of the HSCNN model for each hold-

out test fold during the cross-validation. Group 2 consists of the

corresponding AUC score for the 3D CNN for the same fold. The

null hypothesis is that the median difference of AUC scores be-

tween these two models is 0. Table 5 summarizes the AUC scores

for these groups t . The mean improvement of the AUC score was
.009. The test obtained a p -value of 0.065, indicating that while

he HSCNN model achieved better AUC scores than the 3D CNN

odel, the difference was not statistically significant. This find-

ng demonstrates that adding a low-level task component on an

xisting CNN structure does not impact the model’s prediction

erformance. 

We also compared our results with other deep learning mod-

ls for lung nodule malignancy prediction that utilized the LIDC

ataset reported in literature to date in Table 6 . Kumar et al.

2015) developed a deep autoencoder-based model with 4323 nod-

les of the LIDC dataset, achieving model accuracy of 0.7501. Hua

t al. (2015) presented a CNN model and deep belief network

DBN) model. Both models were trained and validated using 2545

ung nodule samples from LIDC. The CNN model had a specificity

f 0.787 and sensitivity 0.737; and the DBN model obtained speci-

city of 0.822 and sensitivity 0.734. Shen et al. (2015b) , used a

odel based on multi-scale 3D CNN. Developed with 1375 LIDC

odule samples, the average accuracy is reported above 0.84 with

ifferent configurations. In Shen et al. (2017) , Shen et al. ex-

ended this multi-scale model using a multi-crop approach and

chieved an accuracy of 0.839, 0.8636, and 0.8714 with 340, 1030

nd 1375 nodules of LIDC, respectively. All of these previously

eported methods were evaluated with only training and valida-

ion data splits without an independent holdout test dataset as

iscussed in Section 2.5 . Generally, our model achieved better

r similar performances compared with these reported methods.

owever, direct comparison of these models is difficult given that

ach model was trained and tested on different subsets of the LIDC

ataset. 

.3. Semantic feature prediction results and model interpretability 

Table 7 presents the classification performance for each of the

ow-level tasks (i.e., semantic features). We achieved mean accu-

acy of 0.908, 0.725, 0.719, 0.834 and 0.552; mean AUC score of

.930, 0.776, 0.803, 0.850 and 0.568; mean sensitivity of 0.930,

.758, 0.673, 0.855 and 0.552; and mean specificity of 0.763, 0.632,

.796, 0.636 and 0.554 for calcification, margin, subtlety, texture,
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Fig. 5. Receiver operating characteristic curve comparison: HSCNN versus 3D CNN. The AUC of 3D HSCNN is higher than a 3D CNN model. 

Table 6 

Comparison with other current deep learning models. 

Method Nodules Hold-out Test Sensitivity Specificity Accuracy AUC 

Deep Auto-encoder (Kumar et al., 2015) 4323 No – – 0.7501 –

CNN (Hua et al., 2015) 2545 No 0.737 0.787 – –

DBN (Hua et al., 2015) 2545 No 0.734 0.822 – –

Multi-scale CNN (Shen et al., 2015b) 1375 No – – 0.84 –

Multi-crop CNN (Shen et al., 2017) 1375 No – – 0.8714 –

Proposed 4252 No 0.705 0.889 0.842 0.856 

Table 7 

Classification performance for semantic feature predictions. 

Semantic features Accuracy (SD) AUC (SD) Specificity (SD) Sensitivity (SD) 

Calcification 0.908 (0.050) 0.930 (0.034) 0.763 (0.092) 0.930 (0.067) 

Margin 0.725 (0.049) 0.776 (0.033) 0.632 (0.109) 0.758 (0.091) 

Subtlety 0.719 (0.019) 0.803 (0.015) 0.796 (0.045) 0.673 (0.044) 

Texture 0.834 (0.086) 0.850 (0.042) 0.636 (0.199) 0.855 (0.108) 

Sphericity 0.552 (0.027) 0.568 (0.015) 0.554 (0.076) 0.552 (0.095) 
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nd sphericity, respectively. These results suggest that the HSCNN

odel is able to learn feature representations that are predictive

f semantic features while simultaneously achieving high perfor-

ance in predicting nodule malignancy. 

Fig. 6 demonstrates the interpretability of the HSCNN model

y visualizing the central slices of the 3D nodule patches in ax-

al, coronal, and sagittal projections while presenting the predicted

nterpretable semantic labels along with the malignancy classifi-

ation results. Fig. 6 a-R1 shows that the HSCNN model classifies

he lung nodule as benign (the reference label is also benign).

his decision correlated to predictions of this nodule as having no
alcification, sharp margins, roundness, obvious contrast between

odule and surroundings, and solid consistency. The predictions

f these five semantic characteristics are the same as the refer-

nce label and correspond to our knowledge about benign lung

odules. Compared to a 3D CNN malignancy prediction model, the

SCNN provides more insight for interpreting its predictions. Sim-

larly, in Fig. 6 b-R3, the proposed model predicts the lung nod-

le as malignant (reference label is also malignant). Different from

he benign case, the HSCNN model predicts this nodule having

oorly defined margins, ground glass consistency, and non-round

hape. This partly explains why the HSCNN makes a malignancy
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Fig. 6. Illustrating the HSCNN model interpretability: lung nodule central slices, interpretable semantic feature prediction and malignancy prediction. R1, R2, R3 and R4 

are four different nodules. (a) Central slices of axial, coronal and sagittal view of two benign nodule samples; true and predicted labels for interpretable semantic features 

and malignancy. (b) Central slices of axial, coronal and sagittal view of two malignant nodule samples; true and predicted labels for interpretable semantic features and 

malignancy. 
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classification, and these characteristics correspond to expert

knowledge about typical malignant nodules. We note that the

sphericity predictions made by the model are different from the

reference label. This result is explained by the fact that while the

nodule has a more regular round shape in axial view, the shape is

actually more elongated in the two other projections, as shown in

Fig. 6 b-R3. 
Fig. 7 shows two representative cases where the HSCNN fails to

redict either one or more semantic features or cancer malignancy.

ig. 7 -R1 shows that the HSCNN model classifies the lung nodule

orrectly as benign but incorrectly for four semantic features of

his nodule (margin, texture, sphericity, and subtlety). In Fig. 7 -R2,

he HSCNN model incorrectly classifies the lung nodule as malig-

ant (the reference label is benign). However, all semantic features
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Fig. 7. Example cases where the HSCNN model incorrectly predicts semantic features and/or cancer malignancy. R1 and R2 are two different nodules. R1: This case has four 

incorrect semantic feature predictions yet a correct malignancy prediction. R2: This case has all correct semantic predictions yet an incorrect malignancy prediction. 
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f this nodule are predicted correctly. These two cases present the

ituation where the correctness is inconsistent between the malig-

ancy and semantic predictions. Section 4 provides further discus-

ion about how the HSCNN model can be augmented with more

emantic features. 

. Discussion 

We present the HSCNN model that incorporates domain knowl-

dge into the model architecture design, predicting semantic

odule characteristics along with the primary task of nodule ma-

ignancy diagnosis. Five semantic features were considered: cal-

ification, margin, subtlety, texture, and sphericity. Our results in

ection 3.3 suggest that the HSCNN model is capable of providing

ccurate predictions of semantic descriptors while simultaneously

lassifying nodule malignancy. The semantic labels are useful in

nterpreting the model’s predictions. Moreover, Section 3.2 shows

hat our HSCNN architecture achieves improved model perfor-

ance over a 3D CNN architecture (p = 0.065). 

There are some limitations to this study. Our semantic labels

id not include those of known higher association with malig-

ancy, such as nodule size, margin spiculation, lobulation, and

natomic location, which have previously been reported as in-

ormative ( McWilliams et al., 2013; Swensen, Silverstein, Ilstrup,

chleck, & Edell, 1997 ). In the case of lobulation and spiculation,

nown labeling errors in the LIDC dataset made them unsuitable

or our use. Additionally, semantic labels are subject to moderate

nter-reader variability; performance might be enhanced by limit-

ng semantic labels to those on which there is high reader agree-

ent. Third, the malignancy labels provided in the LIDC dataset

o not reflect pathological diagnosis but rather, suspicion levels

f the interpreting radiologists. Finally, the original semantic fea-

ures have scales of 5 or 6; binarizing the labels may lose some

f the semantic information. Changing the threshold for binary

lassification would also affect results. Our rationale for binary

abels, in this case, was to overcome data sparsity, where the

umber of cases labeled for certain scales might be very small

ompared with the other scales (e.g., only 11 cases are labeled as

inear for sphericity out of total 4252 cases). Moreover, our analy-
is shows that the inter-reader agreement is much lower for 5 or

 scales compared with the proposed binary labels. Thus, binary

abeling helps to reduce labeling noise caused by inter-reader vari-

bility. These limitations may be circumvented by training on large

atasets that have been systematically annotated using a shared

exicon that includes discriminating features. 

Several improvements can be investigated as part of future

ork. First, further optimization of the network architecture to

chieve higher prediction performance can be performed. For in-

tance, densely connected designs ( Huang, Liu, Weinberger, &

an der Maaten, 2016 ) and residual designs ( He, Zhang, Ren, & Sun,

016 ) could be used to potentially improve model performance.

iven limitations in computational power, not all designs were op-

imally searched; we will investigate these as part of future work.

econd, as our HSCNN model facilitates interpretation of the util-

ty of each semantic feature in predicting malignancy, the model

an be fine-tuned by domain experts by weighting more discrim-

nating features in difficult cases. Third, the exploration of more

ranular or continuous labels for semantic features could be per-

ormed. Information of each semantic label’s distributions could be

ncorporated into the model’s design to boost performance. Fourth,

ur HSCNN architecture could be easily extended to incorporate

dditional semantic features. However, too many low-level sub-

asks (e.g., more than 20) would make model convergence more

ifficult. Thus, improving the model scalability should be studied

n future works. Not all combinations of semantic labels may co-

ccur. Therefore, this observation could be employed to improve

he model design. Finally, the inputs of current models were the

D cubes centered at each nodule with all background pixel inten-

ities. Background objects such as the lung walls of the juxtapleu-

al nodules might prevent the model from learning useful informa-

ion for the classification task. A possible future work is to explore

eeding the deep learning model with nodular versus perinodular

egions as two distinct separated inputs for each input data. 

. Conclusion 

In this paper, we have developed a novel radiologist-

nterpretable HSCNN model for predicting lung cancer in
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CT-detected indeterminate nodules. This model is able to si-

multaneously predict nodule malignancy while classifying five

nodule semantic characteristics, including calcification, margin,

subtlety, texture, and sphericity of nodules. These diagnostic

semantic features predictions are intermediate outputs associated

with the final malignancy prediction and are useful to explain the

diagnosis prediction. Information from each low-level semantic

feature prediction is incorporated into the malignancy prediction

task by employing jump connections. This framework is able to

enforce the shared basic convolution modules in the HSCNN to

learn features that are generalizable across tasks. This unified

model is trained by minimizing a joint global loss function, where

the losses of both malignancy and semantic feature prediction

tasks are incorporated. Extensive experiments and statistical tests

show that the proposed HSCNN model achieves consistentclassi-

fication performance for nodule malignancy prediction, and the

semantic characteristics predictions have improved the model

interpretability. This trained model could also serve as a lung

nodule semantic feature generator. 
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