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A B S T R A C T

Purpose: Adenocarcinoma (ADC) is the most common histological subtype of lung cancers in non-small cell lung
cancer (NSCLC) in which ground glass opacifications (GGOs) found on computed tomography (CT) scans are the
most common lesions. However, the presence of a micropapillary or a solid component is identified as an in-
dependent predictor of prognosis, suggesting a more extensive resection. The purpose of our study is to explore
imaging phenotyping using a method combining radiomics with deep learning (RDL) to predict high-grade
patterns within lung ADC.
Methods: Included in this study were 111 patients differentiated as having GGOs and pathologically confirmed
ADC. Four different groups of methods were compared to classify the GGOs for the prediction of the pathological
subtypes of high-grade lung ADCs in definitive hematoxylin and eosin stain, including radiomics with gray-level
features, radiomics with textural features, deep learning method, and the RDL.
Results: We evaluated the performance of different models on 111 NSCLC patients using 4-fold cross-validation.
The proposed RDL has achieved an overall accuracy of 0.913, which significantly outperforms the other methods
(p < 0.01, analysis of variation, ANOVA). In addition, we also verified the generality and practical effectiveness
of these models on an independent validation dataset of 28 patients. The results showed that our RDL framework
with an accuracy of 0.966 significantly surpassed other methods.
Conclusion: High-grade lung ADC based on histologic pattern spectrum in GGO lesions might be predicted by the
framework combining radiomics with deep learning, which reveals advantage over radiomics alone.

1. Introduction

Adenocarcinoma (ADC) is the most common histological subtype of
lung cancer in most countries, accounting for almost half of all lung
cancers. Lung ADC is notorious for its high chance of recurrence, even

for pathological stage I patients. Up to 40 % of them might have a
recurrent disease at a later date [1–3]. Having such a high chance of
recurrence indicates the necessity of improved prognostic markers to
identify patients with high-grade early stage ADC, in which ground
glass opacifications (GGOs) found on computed tomography (CT) scans
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are the most common lesions. Therefore the International Association
for the Study of Lung Cancer (IASLC), the American Thoracic Society
(ATS), and the European Respiratory Society (ERS) frequently revise
the standards of classification on lung ADCs, which has been subtyped
according to a new classification proposed in 2011 [4]. In this revised
classification, invasive lung ADCs can be stratified according to ma-
lignant aggressiveness as indolent (ADC in situ, minimally invasive
ADC, and lepidic predominant invasive ADC), intermediate (papillary
and acinar predominant invasive ADC), and high-grade (solid and mi-
cropapillary predominant invasive ADC) based on a study of prognosis
according to histological subtypes [5–9], which form a graded spectrum
in terms of tumor malignancy.

Most GGOs on CT scans were diagnosed as early stage ADCs and
were usually treated with limited resection. However, there has been
increasing evidence suggesting that the characteristic histologic het-
erogeneity of lung ADCs also hints at the biologic diversity of individual
tumors with respect to prognosis [10,11]. Meanwhile, the presence of a
micropapillary or solid component (high-grade pattern) was identified
as an independent predictor of local recurrence in patients treated with
limited resection [12–14]. So the differentiating for the grade of ma-
lignancy have the potential to select candidates for at least lobular re-
section [15], thus the criteria of decision for less invasive surgery can be
redefined with the additional histological subtype parameter besides
whole tumor size, density or SUV (standard uptake value) on CT or PET
(positron emission tomography)-CT scans [16]. However, the accurate
classification remains difficult in radiology or frozen pathological
analysis before or during surgery [17,18], so early-stage ADC presented
as GGOs still faced potential reccurent risk in limited resection, so ad-
ditional assistance were needed to facilitate the differentiating proce-
dure of this subgroup.

Radiomics refers to the extraction and analysis of large amounts of
advanced quantitative imaging features reflecting radiological spatial
distributions within a tumor and has been expected to provide de-
scriptive and predictive models relating image features to tumor phe-
notypes [19,20]. Studies show that imaging phenotyping using radio-
mics can predict micropapillary or solid patterns within lung ADC,
however the reliable predicting model was still vacant. Recently, deep
learning has achieved high success in the classification tasks of natural
images [21–23]. Deep learning provides various high-level semantic
information of an image (CT scan) that is different from image features
extracted by radiomics. So we expect that deep learning is able to im-
prove the predicting model of classic radiomics for the pathological
types of GGOs.

A common approach to combine radiomics and deep learning
models is to train the two models independently and to combine the
results of the two models by voting or averaging strategies. For ex-
ample, [24] and [25] use the mean probability output of radiomics and
deep learning models, and achieve higher prediction accuracy of breast
cancer than using one of the models alone [26]. proposes to use an
additional neural network to learn the weights between radiomics and
deep learning, because different models may not contribute equally to
the final result. The weighted average value of the output probability
from radiomics and deep learning is applied to the classification of lung
cancer.

Another approach is the feature-level fusion, which combines the
different feature vectors extracted and computed by the two models
into a new feature vector for the subsequent classification and predic-
tion. This approach has been applied to tasks such as detection and
classification of lung nodules [27,28], image attribute analysis of tu-
mors [29], and prediction of cancer survival rates [30,31].

Although the existing methods have achieved satisfactory results in
the classification of cancers, their applications are limited in the clas-
sification of certain sub-types of tumors. This is because fewer data are
clinically available on each specific sub-type, and the differences in
images between sub-types are more challenging to distinguish.

Inspired by the aforementioned research, we adopt the combined

model of radiomics and deep learning to identify high-grade ADC. Due
to the heterogeneity inside tumors, single-scale models fail to effec-
tively extract useful features of the tumors. So the proposed method
uses the advanced multi-scale network architecture of feature extrac-
tion to explore imaging phenotyping and to predict high-grade patterns
within lung ADC.

2. Material and methods

2.1. Patient eligibility

From January 2015 to June 2018, patients admitted to Peking
University Cancer Hospital were enrolled in the study. Among them,
patients differentiated as having GGOs by radiologists by NCCN criteria
were collected according to the radiology report (DICOM data retrieved
in Peking University Cancer Hospital). GGOs were defined as hazy
opacity that does not obscure underlying bronchial structures or pul-
monary vessels at computed tomography [32]. All cases diagnosed as
ADC were collected and analyzed retrospectively.

2.2. Imaging acquisition

All patients underwent nonenhanced and arterial phase enhanced
CT examinations with Discovery CT750 HD scanner (GE Medical
Systems, Milwaukee, WI). All patients were scanned in the supine po-
sition, and the scan coverage was the whole chest. Nonionic contrast
material was injected through the antecubital vein at a rate of 3.5mL/
sec (1.5 mL/kg of body weight, total of 90–120mL, iohexol 300 mgI/
mL [Omnipaque, GE Healthcare]). The arterial phase scans were car-
ried out at 30 s after injection of the contrast medium. Imaging para-
meters for CT: helical mode at a tube voltage of 120 kVp, tube current
of 300mA, collimation thickness of 5mm, reconstructed thickness of
0.625mm, rotation speed of 0.6 s, helical pitch of 1.375, and CT dose
index volume (CTDIvol) of 17.65mGy. The Institutional Review Board
of Peking University Cancer Hospital (Beijing, China) approved the
study protocol and waived the need for written informed consent by
each patient because of the retrospective nature of the study.

2.3. Pathological examination

Surgically resected specimens were fixed in formalin, embedded in
paraffin, sectioned with a microtome, and stained with hematoxylin
and eosin (H&E). All available H&E-stained tumor slides were in-
dependently reviewed by two different pathologists who were blinded
to clinical outcomes (using an Leica DM3000 microscope with a stan-
dard eyepiece measuring 22mm in diameter). The extent of all five
growth patterns (lepidic, acinar, papillary, micropapillary, and solid)
were semi-quantitatively recorded by the percentage present in the
entire set of tumor slides in 5% increments.

Histological growth patterns were defined according to the 2015
World Health Organization classification of lung tumors as follows [4]:

1 Lepidic pattern: tumor cells with lepidic growth along alveolar walls
and with no evidence of stromal, vascular, or pleural invasion;

2 Acinar pattern: invasive tumor arranged in acini and tubules and
composed of cuboidal or columnar cells that resemble bronchial
gland or bronchial-lining epithelial cells, including Clara cells;

3 Papillary pattern: invasive tumor composed of papillae structures
with a fibrovascular core and complicated secondary and tertiary
branches;

4 Micropapillary pattern: small papillary tufts composed of tumor
cells with peripheral nuclei and no fibrovascular core (When air-
space contains a micropapillary pattern, even if it is surrounded by
lepidic or acinar structures, it should be classified as a micro-
papillary pattern);

5 Solid pattern: invasive tumor composed of nests or sheets of tumor
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cells that lack acini, tubules, and papillae with mucin production.

Discrepancies between the two pathologists were later examined on
a multiple-headed microscope, and the consensus was made after fur-
ther discussion. The queried cases were reviewed by an experienced
lung pathologist.

2.4. Region of interest extraction

As shown in Fig. 1, four different groups of methods were compared,
including the radiomics with gray-level features, the radiomics with
textural features, the deep learning method, and the proposed RDL. The
results of the pathological examination are treated as gold standards of
the pathological subtypes of high-grade lung ADCs.

The three-dimensional (3D) morphology of the GGO was sketched
by two experienced radiology experts (attending) based on its two-di-
mensional (2D) contour on each slice [33], using Osirix medical image
workstation (Fig. 2). Based on the precise contour information, image
processing techniques were employed to extract a specific 3D mask of
each GGO, as well as its pseudo-color presentation in which different
colors represented Hounsfield unit values inside the structure, accord-
ingly, allowing an intuitional visualization for the study on each case.
Visual implementation was programmed on Python platform based on
Python 2D plotting library Matplotlib.

2.5. Radiomics with gray-level features

For the radiomics with gray-level features, we used a K-nearest-
neighbor (KNN) model to classify GGOs based on a small number of
gradient-related features. Gradient operators, including Sobel filters (x-
and y- directions), Robert filters (x- and y- directions) and Laplace
operators were applied on the ground glass regions, respectively.
Feature maps were generated and normalized to a range of 0–255 for
analyses. We then calculated the histogram of the feature maps in terms
of four bins with a size of 64 Gy levels, resulting in four adjacent in-
tervals: [0, 64), [64, 128), [128, 192), and [192, 256). The numbers of

pixels in these intervals were used as inputs of the KNN model to
classify GGOs. Thus, a total of 20 Gy-level features were selected for the
KNN classification.

2.6. Radiomics with textural features

Based on the region of interest extraction, we computed different
types of radiomic features from the GGO regions to identify high-grade
subtypes of lung ADCs. For each individual GGO region, we quantita-
tively extracted histograms and morphological features, as well as
various textural features including gray co-occurrence matrix (GLCM),
grayscale run length matrix (GLRLM), and grayscale size region ma-
trices (GLSZM). A total of 107 commonly used radiomic features [34]
were computed for further analyses (Table 1). We have exploited sev-
eral machine learning approaches to classify GGOs, including logistic
regression, Naive Bayes, decision tree and random forest. Based on the
classification outputs, random forest showed the highest accuracy
among all machine learning approaches. To further improve the accu-
racy of the model, we thus introduced a feature selection approach to
the random forest model based on the information gain of each feature
[35]. As shown in Table 2, 15 features were selected.

2.7. Deep learning

Deep learning methods have achieved high success in multiple
computer vision tasks, including image classification and image seg-
mentation. In this paper, we attempted to classify pathological subtypes
of GGOs using deep learning. We used a deep convolutional neural
network to extract features from the original image. This network ar-
chitecture was known as atrous spatial pyramid pooling (ASPP) net-
work, which adopts a pyramidal convolution structure to extract multi-
scale features [36]. As shown in Fig. 3, the ASPP network used four
types of convolution kernels and integrated information of multiple
scales to extract features of various sizes of GGOs.

Fig. 1. Overview of the proposed method and the comparison of different high-grade lung ADC classification methods.
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2.8. Combining radiomics with deep learning

Deep neural networks extracted nonlinear features. Such features
contained high-order semantic information and were usually different
from radiomic features that generated by statistical models. Therefore,
we attempted to combine the two types of features to generate an in-
tegrated feature sets of GGOs in CT scans, investigating whether the two
types of features have complementary information of identifying the
pathological subtypes of GGOs. As shown in Fig. 4, an autoencoding
network is used to pre-train the deep neural network. The original
image is projected on a low-order feature space (manifold), which is
represented by a feature vector with 128 dimensions. Such high-order
image information can be transformed into a feature vector with an
arbitrary size. To balance the trade-off between radiomic features and
deep-learning features, we choose 128 as the size of the deep-learning
feature vector, which is close to the number of radiomic features. We

then constructed a multilayer neural network classifier and combined
the 128 deep learning features with the 107 radiomic features to form a
235-dimensional feature vector. This new vector was then used to
classify the pathological subtypes of GGO.

2.9. Network architectures and implementation

For the pure deep learning model, as shown in Fig. 3, the network
backbone of deep neural networks was a convolutional neural network
(CNN) with three stages. Each stage was consisting of a convolutional
layer, a ReLU activation layer and a batch normalization layer. A
pooling layer was added between different stages to adjust the receptive
field of the model for better analyzing objects with different scales. We
have also added the ASPP module to enhance multi-scale feature ex-
traction. Due to the different GGO sizes of each patient, our deep
learning model accepted input data of different sizes. We used the

Fig. 2. Region of interest (ROI) for the ground glass opacifications on computed tomography scans.
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Average Pooling layer to integrate all deep learning features into a 128-
dimensional feature vector, which represented high-order nonlinear
image information extracted by the CNN for GGOs. Finally, we used the
fully connected layer to classify such 128-dimensional feature vector to
determine if the patient has a high-grade lung ADC.

To improve the training of the model that combined radiomics with
deep learning (Fig. 3), we first pre-trained the deep neural network in
an unsupervised way. We added a decoding CNN structure (green
modules in Fig. 4) that restores the original image from the feature
vector, forming an unsupervised training process with auto-encoding
functionality [37]. We then used transfer learning [38] to import the
unsupervised pre-trained network parameters into the trained model as
the initial parameters. Furthermore, different from the pure depth
learning model, the RDL model combined 128-dimensional deep
learning features and 107-dimensional radiomic features to distinguish

the patients with high-grade lung ADC.
The optimization method of the above models used Adam algorithm

[39]. The learning rate started from 0.0001 and decreased to one-tenth
of the former every 30 epochs. Since the sizes of the model input data
are different, we can only set the training batch size to 1. Model training
and evaluation were run on pytorch0.4, using an NVIDIA GeForce GTX
1080ti GPU with 11GB memory.

We trained all models based on the dataset of 111 NSCLC patients
and evaluated them using a 4-fold cross-validation method. We also
tested such models on an independent dataset of 28 patients to verify
the generality and practical effectiveness of these models. The overall
accuracy, sensitivity, and specificity of the classification were will be
reported to measure the performance of all the models.

3. Results

In this work, 111 patients participated in the study (with a ratio
being 0.48:1 of male to female), and 31 of them were diagnosed as
having high-grade GGOs with micropapillary and solid patterns. Four
different groups of methods to distinguish two classes of patients (0 for
those without micropapillary/solid patterns and 1 for those with mi-
cropapillary/solid patterns) have been designed and evaluated. Such
groups of methods include (1) radiomics with gray-level features, (2)
radiomics with textural features, (3) deep learning, and (4) RDL.
Fourfold cross-validation was used to compare these methods because
of the limited size of the dataset.

We studied CT images of 111 patients with clinically confirmed lung
ADC. The average age of these patients was 61.1 years (min: 35; max:
79), the proportion of female patients was 67.6 % (75 out of 111), and
the patients with smoking habits accounted for 19.8 % (22 out of 111).
After performing a pathological examination based on the patient's
surgically resected specimens, we identified a total of 31 patients with
micropapillary and/or solid patterns. We defined them as subjects with
high-grade lung ADC in our dataset. For patients with high-grade lung
ADC, the average age is 63.5 years, with a minimum of 40 and a
maximum of 78, with a female patient ratio of 61.3 % (19 out of 31).
Among them, patients with smoking habits accounted for 32.3 % (10
out of 31). We also tested the trained models on an independent dataset
with 28 patients to verify the generalizability of the models. This da-
taset included 9 patients with micropapillary and/or solid patterns. The
average age of these patients was 61.6 years (min: 46; max: 73), the
proportion of female patients was 67.9 % (19 out of 28).

For the radiomics with gray-level features, 20 gradient-related fea-
tures were examined. A two-tail Student t-test was applied to compare
the feature values of the two classes. Five features with the lowest p-
values are displayed (Table 3). Two features, the Laplace operator
(second-order gradient) and the Sobel filter (first-order gradient), have
statistically significant differences between classes 0 and 1. The accu-
racy, sensitivity, and specificity of the radiomics with gray-level

Table 1
All radiomic features for the prediction model.

First-Order Statistics

10 Percentile 90 Percentile Energy
Entropy Interquartile Range Kurtosis
Maximum Mean Absolute Deviation Mean
Median Minimum Range
Robust MAD Root Mean Squared Skewness
Total Energy Uniformity Variance

Shape Features
Elongation Flatness Least Axis Length
Major Axis Length Max2DDiameterColumn Max2DDiameterRow
Max2DDiameterSlice Max3DDiameter Mesh Volume
Minor Axis Length Sphericity Surface Area
Surface Volume Ratio Voxel Volume

Gray Level Co-Occurrence Matrix
Autocorrelation Cluster Prominence Cluster Shade
Cluster Tendency Contrast Correlation
Difference Average Difference Entropy Difference Variance
Inverse Difference (ID) ID Moment ID Moment

Normalized
ID Normalized Informational Correlation 1 Informational

Correlation 2
Inverse Variance Joint Average Joint Energy
Joint Entropy Max Correlation Coefficient Max Probability
Sum Average Sum Entropy Sum Squares

Gray Level Run Length Matrix
Non Uniformity (NU) NU Normalized Variance
High Run Emphasis Long Run Emphasis Long Run High

Emphasis
Long Run Low
Emphasis

Low Run Emphasis Run Entropy

RL Non Uniformity
(NU)

RL NU Normalized Run Percentage

Run Variance Short Run Emphasis Short Run High
Emphasis

Short Run Low
Emphasis

Gray Level Size Zone Matrix
Non Uniformity (NU) NU Normalized Variance
High Zone Emphasis Large Area Emphasis Large Area High

Emphasis
Large Area Low
Emphasis

Low Zone Emphasis Size Zone NU

Size Zone NU
Normalized

Small Area Emphasis Small Area High
Emphasis

Small Area Low
Emphasis

Zone Entropy Zone Percentage

Zone Variance
Gray Level Dependence Matrix
Entropy Non Uniformity (NU) NU Normalized
Dependence Variance Dependence NU Variance
High Emphasis Large Emphasis Large High Emphasis
Large Low Emphasis Low Emphasis Small Emphasis
Small High Emphasis Small Low Emphasis

Neighboring Gray Tone Difference Matrix
Busyness Coarseness Complexity
Contrast Strength

Table 2
Selected radiomic features based on information gain approach.

First-Order Statistics

Robust MAD Skewness
Shape Features
Elongation Major Axis Length Max2DDiameterColumn
Max2DDiameterRow Max3DDiameter Minor Axis Length

Gray Level Co-Occurrence Matrix
Autocorrelation Informational Correlation

1
Gray Level Nonuniformity

Correlation Informational Correlation
2

Gray Level Run Length Matrix
Long Run Emphasis

Neighboring Gray Tone Difference Matrix
Strength
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features are 0.784, 0.911, 0.469, respectively. For the radiomics with
textural features, Table 4 showed the classification outputs, and the
random forest classifier reached the highest performance among the
classic machine learning approaches with an accuracy of 0.802, a
sensitivity of 0.899, and a specificity of 0.562. The information gain
approach allows for the selection of 15 of the most effective features
from the full set of features. The accuracy, sensitivity, and specificity of
the random forest classifier after feature selection are then improved to
0.847, 0.937, and 0.625, respectively.

Specific design of image features in the deep learning model was not
introduced. So that all features are automatically computed. The pure
deep learning model’s accuracy, sensitivity, and specificity are 0.744,
0.610, and 0.790, respectively. The accuracy, sensitivity, and specificity
of the RDL model are 0.913, 0.734, and 0.964, respectively. Table 4
summarizes the results of all different methods with a classification cut-
off of 0.5. Statistically, the proposed RDL outperforms other methods
with a p-value<0.01 under the analysis of variation (ANOVA) using

MATLAB software. In addition to the accuracy, sensitivity, and speci-
ficity, we have evaluated different methods using receiver operating
characteristic (ROC) curves (Fig. 5). The proposed RDL achieves a high
area under curve (AUC) value of 0.861, which also outperforms other
methods as shown in Table 4. In addition, all the models were tested on
28 independent data. Table 5 showed the results of different models on
this independent dataset, where the RDL framework significantly

Fig. 3. Network structure of deep neural net-
work with four major functional modules: (a)
Convolutional and pooling layers (blue blocks)
extract high-order semantic information. (b)
ASPP module is used to calculating regional
information of ground glass opacifications
(GGOs) in multiple spatial scales. (c) A con-
catenation operation is used to aggregate such
multi-scale information, and an average
pooling layers is used to resample the feature
maps to an appropriate size. (d) A fully-con-
nected network is implemented for the final
classification of pathological subtypes of
GGOs.

Fig. 4. A classification framework that combines radiomics
with deep learning: (1) Left part: the parameters of the auto-
encoder are optimized during an offline pretraining process,
and (2) Right part: 128 deep learning features and 107
radiomic features are fused to form a new feature vector that
is used for the final prediction of the pathological subtypes of
GGOs.

Table 3
Examples of gradient-related features.

With Micropapillary Without Micropapillary p-Value

Laplace [64,128] 2636.40 (3085.77) 830.44 (1251.40) 0.0044
Sobel (gx) [64,128] 4059.10 (5378.17) 1040.10 (1204.22) 0.0054
Robert2 [64,128] 1999.87 (2858.87) 545.83 (1072.06) 0.0118
Robert1 [64,128] 3712.57 (5716.93) 854.52 (1044.38) 0.0120
Sobel (gy) [128,192] 1384.30 (2510.69) 238.87 (563.33) 0.0200
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exceeded other methods with an accuracy of 0.966.

4. Discussion

The increasing number of patients with ADC presenting as GGO is a
critical problem in determining the grade of malignancy. Detailed
preoperative or intraoperative examinations of histological subtype
may provide important information for prediction of tumor progression
and decisions regarding the surgical procedure [40]. Either an extensive
or an insufficient dissection of lung tissues would bring about un-
necessary damage and risk to the patients [41]. Our results provided a
competitive accuracy for the prediction of high-grade subtype for GGOs
[42], so we might assume that if the features from the DICOM data were
extracted previously and the prediction was made, surgeons might
choose the adequate extent for resection or lymphadenectomy as soon

as the specimen is confirmed as ADC from a frozen pathological result,
thus changed surgical planning. We shall recommend this tool for the
surgeons before resection of GGOs. Surgeons would know the result
before resection, so they might choose lobectomy other than wedge
resection if high-grade result were calculated, and at the same time,
pathologists might be alerted and make more efforts to look for evi-
dence for high-grade patterns like micropapillary during frozen pa-
thological analysis.

Although the criteria for subtype differentiation were quite clear,
heterogeneity and misdiagnosis still take place occasionally [43], as the
accuracy of diagnosis of micropapillary pattern was poor [44,45] due to
the deviation of tissue sampling. Therefore the RDL framework might
be a supplemental tool for pathologists.

To predict the high-grade subtypes for GGOs, several methods have
been designed and evaluated. By observing the CT image, micro-
papillary and solid patterns in GGOs were found to usually have dif-
ferent Hounsfield unit values from other areas. Such a difference can be
represented by gray-level features, which are used to distinguish be-
tween high-grade GGOs and other types. In the experiment, we verified
that there exists a statistical difference in the first- and second-order
gray-level features of GGOs with different degrees of aggressiveness.
However, the internal textures of GGOs are complex, so, unlike the
classification of ordinary lung tissues or other types of lung tumors, it is
difficult to obtain an accurate GGO classification using a small number
of gray-level features.

Radiomics with textural features helps resolve such issues. For ex-
ample, in this work, the gray level co-occurrence matrix (GLCM) is used
to compute a subset of radiomic features. GLCM describes a set of the
recurring image textures, which are the joint distributions of Hounsfield
unit values (pixel/voxel intensity) with a certain positional relation-
ship. For tumors (GGOs), such textures may correspond to special pa-
thological structures. As shown in Table 4, radiomic features can sig-
nificantly improve the accuracy of the classification model. However,
the feature extraction process of radiomics is relatively fixed, which
ignores the individual differences of patients. We expect to find a more
flexible method to further improve the accuracy of the classification
model.

Deep learning has achieved great success in the fields of image
analysis and computer vision and has accomplished many complicated
image classification tasks. However, during the experiments, it has been
found that pure deep learning is not able to effectively improve the
classification results. As shown in Table 4, the deep learning method
produces a sensitivity of only 0.610 and a specificity of 0.790. Different
from the lower order statistical features extracted by radiomics, the
features extracted by pure deep learning with such limited data are only
higher order semantic features. Establishing the relationship between
these complex high order features and the classification results requires
a large amount of training data. However, clinical image dataset is often
difficult to meet such requirements.

In addition to increasing the training dataset, an alternative way is
to impose a constraint on deep learning. Based on the previous dis-
cussion, radiomics plays the role of such constraint. Combining radio-
mics and deep learning is thus able to effectively classify GGO on the
small image dataset in this work. The lower order features extracted by
radiomics can be used to describe the general morphological, posi-
tional, and textural information of GGOs whereas deep learning can
extract higher-order features to form a more personalized classification
model for each patient. Experiments have shown that the combination
of the two methods has indeed achieved the highest accuracy.

This paper has proposed a method to combine radiomics and deep
learning (RDL) to classify GGOs. Although we show the more accurate
results of the proposed method, several limitations are worth further
investigation:

1. Only 31 positive samples of high-grade GGOs are included in this
work. GGO images with micropapillary or solid patterns are difficult to
collect, so previous works [46] did not use large amounts of data as

Table 4
Evaluation of different methods: Accuracy, Sensitivity, Specificity, and AUC
value.

Methods Accuracy Sensitivity Specificity AUC

Radiomics with gray-level features
K-Nearest Neighbor 0.784 0.911 0.469 0.744
Radiomics with textural features
Naïve Bayes 0.775 0.861 0.562 0.798
Logistic Regression 0.757 0.873 0.469 0.757
Decision Tree 0.730 0.861 0.406 0.673
Random Forest (RF) 0.802 0.899 0.562 0.819
RF with Feature Selection 0.847 0.937 0.625 0.818
Deep learning related models
Deep Learning 0.744 0.610 0.790 0.689
Proposed RDL 0.913 0.734 0.964 0.861

Fig. 5. The ROC curves of different methods: the proposed RDL shows the
largest area under curve.

Table 5
Evaluation of different methods on an independent dataset: Accuracy,
Sensitivity, and Specificity.

Methods Accuracy Sensitivity Specificity

Radiomics with gray-level features
K-Nearest Neighbor 0.786 0.786 0.548
Radiomics with textural features
Naïve Bayes 0.821 0.854 0.798
Logistic Regression 0.801 0.813 0.769
Decision Tree 0.786 0.793 0.665
Random Forest (RF) 0.929 0.930 0.908
RF with Feature Selection 0.893 0.901 0.874
Deep learning related models
Deep Learning 0.831 0.896 0.795
Proposed RDL 0.966 0.901 1.000
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well. Although an independent dataset is used to test the general-
izability and practical effectiveness of the RDL framework, a dataset
with richer learning targets could greatly improve the performance of a
model, especially in the field of deep learning. So we will try to collect
more representative data for the analyses of radiomics and deep
learning in the subsequent works.

2. This work involves retrospective cross-sectional data of ADCs,
thus only the classification of existing GGO data is feasible. In future
works, we will strengthen the research of longitudinal data, training the
models to pursue prospective studies such as to predict the speed of
GGO changes or to perform invasive examinations.

3. This model hasn’t been validated to test GGO before surgery yet,
while that should be the best scenario for this predicting tool, so we
need to do more work to promote the use of this model for further
study. We still need to focus on how this tool could help improving the
accuracy of diagnoses from the aspect of pathologists.

In conclusion, high-grade lung ADCs based on histological pattern
spectrum in GGO lesions from CT scans might be predicted by a fra-
mework combining radiomics with deep learning. This method reveals
significant advantages over the radiomic methods with different input
features, or deep learning alone. The exploration of tumor images ac-
cording to these results may contribute to better treatment planning
and personalized medicine.
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