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for patients with solid pulmonary nodules
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Abstract

Background: Solid pulmonary nodules are different from subsolid nodules and the diagnosis is much more chal-
lenging. We intended to evaluate the diagnostic and prognostic value of radiomics and deep learning technologies
for solid pulmonary nodules.

Methods: Retrospectively enroll patients with pathologically-confirmed solid pulmonary nodules and collect clinical
data. Obtain pre-treatment high-resolution thoracic CT and manually delineate the nodule in 3D. Then, all patients
were randomly divided into training and testing sets at a ratio of 7:3, and convolutional neural networks (CNN)
models and random forest (RF) models were established. Survival analyses were performed for patients with solid
adenocarcinomas.

Results: Totally 720 solid pulmonary nodules were enrolled, 348 benign and 372 malignant. The CNN model with
clinical features achieved the highest AUC [0.819, 95% confidence interval (Cl): 0.760-0.877] with a sensitivity of 0.778,
specificity of 0.788 and accuracy of 0.783. No significant differences were observed between the CNN and radiom-
ics models. There were 295 solid adenocarcinomas in survival analysis. Different disease-free survival was observed
between the low-risk and high-risk groups divided according to the radiomics Rad-score. However, the groups based
on deep learning signatures showed similar survival. Cox regression analysis indicated that the radiomics Rad-score
(hazard ratio: 5.08, 95% Cl: 2.61-9.90) was an independent predictor of recurrence.

Conclusions: The radiomics and deep learning models can well predict the malignancy of solid pulmonary nodules.
Radiomics signatures also demonstrate prognostic value in solid adenocarcinomas.
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Background

Lung cancer screening with low-dose computed tomog-
raphy among high-risk individuals can reduce lung can-
cer modality [1, 2]. However, it’s challenging to manage
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nature and grow slowly or stay stable over years [7],
and often pathologically diagnosed as lung adenocarci-
nomas [8]. However, the solid nodules which could be
caused by various respiratory diseases, can grow rapidly
and are more prone to distant metastasis when they are
malignant [9, 10]. Therefore, the risk prediction of solid
pulmonary nodules should be important, as it can help
clinicians make the right decision and save time for
patients during medical care.

Recently, radiographic assessment of disease is being
improved by advanced computational analyses. On the
one hand, radiomics approach can digitally decode radio-
graphic images into quantitative features (e.g., descrip-
tors of shape, size and textural patterns), and therefore
classify the medical image into a predefined group [11].
On the other hand, deep learning has made great strides
in automatically characterizing radiographic images. It
uses convolutional neural networks (CNN) to automati-
cally learn feature representations from sample images,
which could match and even surpass human perfor-
mance in task-specific applications [12].

In previous studies, researchers have investigated the
diagnostic performance of radiomics and deep learning
technologies for solid pulmonary nodules [13—19]. How-
ever, some of the studies focused mainly on small solid
pulmonary nodules, such as nodules less than 15mm or
20mm [14, 15, 17]. Some studies differentiated solid nod-
ules between one specific benign lung disease and lung
adenocarcinoma, like focal organizing pneumonia, soli-
tary granulomatous nodules or tuberculosis [13, 16, 19].
Besides, none of the studies investigated prognostic val-
ues of radiomics and deep learning technologies for solid
nodules.

Therefore, the current study intended to establish CNN
and radiomics models for solid pulmonary nodules with-
out restricting the nodule size and pathology. Further-
more, survival analyses were performed for patients with
solid adenocarcinomas.

Methods

Patients and clinical variables

This retrospective study was approved by the institutional
review board of the West China Hospital of Sichuan Uni-
versity. We collected possible cases by reviewing dis-
charge records of patients in West China Hospital from
January 2010 to July 2017. The following terms were used
to extract the data: lung cancer, lung adenocarcinoma,
lung squamous carcinoma, non-small cell lung cancer,
small cell lung cancer; inflammatory lung nodule, benign
lung nodule, benign lung tumor, lung hamartoma, lung
sclerosing hemangioma, lung tuberculosis, lung granu-
loma. Then, the patient was enrolled based on the fol-
lowing criteria: (a) there was an untreated, pathologically
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confirmed, 5-30mm noncalcified solid nodule detected
on chest CT; (b) the slice thickness of CT was less than or
equal to 1mm. Otherwise, patients were excluded if (a)
there were multiple pulmonary nodules, or pleural effu-
sion, atelectasis, lymph node enlargement was observed;
(b) it wasn’t a primary lung tumor.

Totally, the current study enrolled 720 patients
with 720 nodules, 348 benign and 372 malignant. The
pathology of benign nodules was confirmed by surgery
(N =315, 90.5%) and CT guided percutaneous lung
biopsy (N =33, 9.5%), while the malignant nodules was
confirmed by surgery (N =365, 98.1%), CT guided per-
cutaneous lung biopsy (N =4, 1.1%) and transbronchial
lung biopsy (N =3, 0.8%), respectively.

Following clinical characteristics were recorded,
including age, sex, smoking status, history of malignancy,
family history of malignancy, nodule diameter, loca-
tion, pathology and clinical stage. As surgically resected
adenocarcinomas were predominant among all malig-
nant nodules, prognostic data were collected for survival
analysis.

CT image acquisition and nodule segmentation

Thoracic CT before treatment was obtained for each
patient. All images were acquired from GE, Siemens or
Philips scanners, with tube voltage and current being
100~120 Kvp and 60~250 mAs. Reconstructions were
performed using a standard convolution kernel. The
detailed information on manufacturer, manufacturer’s
model and slice thickness were summarized in Table S1
and Table S2.

All target nodules were first manually segmented in
3D by one author with 4years of clinical experience in
pulmonology, using the ITK-SNAP software. Then, ran-
domly selecting 100 patients, both the same author and
another author manually segmented the target nodules
again to assess the consistency of the intra-rater and
inter-rater segmentations by calculating Dice similarity
coefficient. Both authors were blinded to pathological
results of lesions.

CNN models

Patients were randomly divided into training and test-
ing set at a ratio of 7:3 during model establishment.
The overall framework of the CNN model is shown in
Fig. 1. Here we used transfer learning from a pre-trained
benign-malignant nodule classification model, in which
1715 pathologically-confirmed nodules and 14,735 unla-
beled nodules were used [20]. In detail, there were one
3D convolution layer with a kernel size of 3 and stride
of 1 as input block, four 3D convolution layers with
a kernel size of 3 and stride of 2 as downsample block,
and two fully connected layers as output block for the
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benign-malignant classification task. Besides, the class
activation mapping was used to guide the network focus-
ing on the nodule region, where attention maps were
generated by back-propagating weights of the fully-con-
nected layer onto the convolutional feature maps [21].
In total, two CNN models were established based on
whether clinical features were added.

Radiomics models

Firstly, radiomics features were extracted of segmented
nodules, including 42 dedicated handcrafted features
and 104 widely-used radiomics features. Details of hand-
crafted features were described in previous study [22].
The widely-used first-order image intensity statistics,

shape and texture features were extracted using PyRa-
diomics [23]. Then, three RF models were established
by using radiomics features, clinical features and both
features, respectively. To avoid overfitting and obtain
predictive features, least absolute shrinkage and selec-
tion operator (LASSO) was applied for radiomics fea-
ture selection where regression coefficients of irrelevant
variables were shrunk to zero. To achieve the best perfor-
mance, an optimization algorithm based on Bayesian was
used to optimize the hyperparameters.

To compare the diagnostic performance of established
models with manual visual assessment, two junior radi-
ologists were invited to blindly classify the solid nodules
in the testing set.
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Statistical analysis

The continuous variables, age and nodule diameter, were
presented with mean 4 standard deviation and compared
with Student’s t-test. The follow-up time was compared
with Mann-Whitney U test. The other categorical data
were described in number of cases (proportion) and
compared with Chi-square test.

The classification performance of the models was eval-
uated on sensitivity, specificity, accuracy, receiver operat-
ing characteristic curves (ROC) and values of area under
the ROC curve (AUC). Calibration curves were also plot-
ted to evaluate the accuracy of risk estimate. Additionally,
Brier scores were calculated that quantitatively measure
the distance in the probability domain and a lower score
means better prediction. Differences in the AUC values
were assessed by Delong test [24].

For prognostic analysis, a Rad-score was computed
for each patient by combining LASSO selected radiom-
ics features. According to the Rad-score, patients were
classified into low-risk or high-risk group split by X-tile
(version 3.6.1, http://tissuearray.org/) [25]. The poten-
tial association of radiomics signature with disease-free
survival (DFS) was evaluated by Kaplan-Meier survival
analysis and multivariate Cox regression. Similarly, the
prognostic value of malignancy-score derived from CNN
model (with clinical features) was also evaluated. Differ-
ences in survival curves were assessed by log-rank test.

The LASSO analysis, ROC curves, calibration curves
and Brier scores were implemented with an open source
“Scikit-learn 1.1.2” in Python. The Kaplan-Meier survival
analysis and multivariate Cox regression were performed
with “survival 3.1-8, survminer 0.4.8” packages in R. The
statistical tests were all two-sided and differences with

Table 1 Clinical characteristics of enrolled patients
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P<0.05 were considered statistically significant. All sta-
tistical analyses were conducted using R version 3.6.0 and
Python version 3.7.0.

Results

Patient characteristics

Table 1 describes the clinical characteristics of the
enrolled 720 patients. Malignant nodules were mainly
lung adenocarcinomas (N =334, 90%) and most belonged
to stage I (N=339, 91%). As for benign nodules, they
were chronic inflammation (N=112, 32.2%), benign
tumor (N=90, 25.9%), tuberculosis (N=75, 21.5%),
granuloma (N=67, 19.3%) and so on.

Regarding benign and malignant nodules, the two
groups were different in the distribution of patient age,
history of malignancy and nodule diameter. Patients with
malignant nodules were older (51+13 vs 60+ 10years,
P<0.001) and exhibited a higher rate of history of malig-
nancy (3.2% vs 8.1%, P=0.005). Besides, malignant nod-
ules tended to be larger than the benign ones (17.6£6.1
vs 19.24+5.6mm, P<0.001). No significant difference
was observed between the two groups regarding to sex,
smoking, family history of malignancy and nodule loca-
tion. There were 244 (47.2%) benign and 273 (52.8%)
malignant nodules in the training group, and 104 (51.2%)
benign and 99 (48.8%) malignant nodules in the testing
group, respectively (P=0.329). No significant difference
was observed between the training and testing group.

The Dice similarity coefficient of between-rater and
within-rater segmentation was 92.7% and 98.6% respec-
tively, which indicated that the masks had a relatively
good consistency.

Characteristics Pathology

P Dataset P

Benign (N =348)

Malignant (N =372)

Training (N =517) Testing (N =203)

Age, year 51+13 60410 <0.001*  56+12 55412 0.058
Sex, male 187 (53.7) 177 (47.6) 0.099 265 (51.3) 99 (48.8) 0.548
Smoking, current or ever smoker 120 (34.5) 142 (38.2) 0.304 192 (37.1) 70 (34.5) 0.505
History of malignancy, yes 1132 30(8.1) 0.005*  33(64) 8(3.9) 0.203
Family history of malignancy, yes 48(13.8) 57 (15.3) 0.561 77 (14.9) 28(13.8) 0.707
Diameter of nodules, mm 176461 192+56 <0.001*  184+£59 184+6.0 0.949
Location of nodules 0.553 0.358

Upper Right 98 (28.2) 118 (31.7) 158 (30.6) 58 (28.6)

Middle Right 33(9.5) 34(9.1) 54 (104) 13(6.4)

Lower Right 78 (22.4) 69 (18.5) 106 (20.5) 41(20.2)

Upper Left 64 (18.4) 78(21.0) 99 (19.1) 43(21.2)

Lower Left 75 (21.6) 73 (19.6) 100 (19.3) 48 (23.6)
*P<0.05

Unless specified, data in parentheses are percentages
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Predictive performance of models

Figure 2A demonstrates the ROC curves of each model
in the testing set. With malignant nodules as posi-
tive, the CNN model with clinical features achieved
the highest AUC [0.819, 95% confidence interval (CI)
0.760-0.877] with sensitivity of 0.778, specificity of
0.788 and accuracy of 0.783. The CNN model without
clinical features achieved an AUC of 0.816 (95% CI
0.758-0.875), sensitivity of 0.758, specificity of 0.788
and accuracy of 0.773. In the RF classifier models, the
performance of RF with combined features achieved
sensitivity of 0.616, specificity of 0.788, and accuracy
of 0.704 and AUC of 0.811. In addition, the sensitiv-
ity, specificity, accuracy and AUC of RF with radiomics
features was 0.747, 0.606, 0.675 and 0.778, respectively.
The sensitivity, specificity, accuracy and AUC of RF
with clinical features was 0.535, 0.740, 0.640 and 0.721,
respectively. Except for RF with clinical features alone,
no significant difference was observed between the
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CNN model with clinical features and other three mod-
els. ROC curves of each model in the training set are
shown in Fig. S1.

When two junior radiologists classifying the solid
nodules in the testing set, they achieved AUCs of
0.615-0.755, sensitivities of 0.778-0.990, specifici-
ties of 0.452—-0.519 and accuracies of 0.611-0.749. The
results indicated that established models demonstrated
higher specificities while the radiologists achieved
higher sensitivities. Detailed diagnostic performance of
each model and radiologist in the testing set are sum-
marized in Table 2.

Figure 2B shows calibration curves. The CNN model
with clinical features achieved the smallest Brier score
of 0.177. The Brier score of CNN model without clini-
cal features, RF with clinical features, RF with radiom-
ics features and RF with combined features was 0.183,
0.215, 0.195, and 0.184, respectively.
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Fig. 2 ROC curves (A) and calibration curves (B) of different classification models in the testing set. RF: random forest, CNN: convolutional neural
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Table 2 Predictive performance of different classification models and junior radiologists in the testing set

Model or radiologist Sensitivity Specificity Accuracy AUC

RF + Clinical 0.535[0.437,0.633] 0.740 [0.656, 0.824] 0.640 [0.574, 0.706] 0.721 [0.651,0.791]*
RF + Radiomics 0.747 [0.661,0.833] 0.606 [0.512,0.700] 0.675[0.611,0.739] 0.778[0.738,0.858]
RF + Combined 0.616[0.520,0.712] 0.788[0.709, 0.867] 0.704 [0.641,0.767] 0.8111[0.713,0.839]
CNN 0.758 [0.674,0.842] 0.788[0.709, 0.8671] 0.77310.715,0.831] 0.816[0.758, 0.875]
CNN+- Clinical 0.778 [0.696, 0.860] 0.788[0.709, 0.867] 0.783 [0.726, 0.840] 0.819[0.760, 0.877]
Radiologist 1 0.778 [0.696, 0.860] 0452 [0.356, 0.548] 0.611[0.544,0.678] 0.615 [0.538,0.692]
Radiologist 2 0.990 [0.970, 1.000] 0.51910.423,0.615] 0.749 [0.689, 0.808] 0.755[0.688,0.821]

*Significant difference was found between the CNN model with clinical features and RF with clinical features by Delong test (p <0.05)

Abbreviations: RF Random forest, CNN Convolutional neural network, AUC Area under the receiver operating characteristic curves
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Survival analysis

From 295 surgically resected adenocarcinomas, sur-
vival data were collected. Table 3 summarizes the clini-
cal characteristics of patients in survival analysis. When
performing LASSO analysis, sixteen radiomics features
were found to be associated with DFS (Fig. 3). All these
significant features were used to calculate the Rad-score
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and according to a cutoff point of 0.183 based on X-tile,

Table 3 Clinical characteristics of patients in survival analysis

the patient was classified into low-risk or high-risk group.
The Kaplan-Meier survival analysis showed that DFS
between the low-risk and high-risk groups were statis-
tically different. In the testing set, the mean DFS was
104months (95% CI, 98—110months) for the low-risk
group and 89months (95% CI, 75-102 months) for the

Characteristics Training (N=217) Testing (N=78) Pvalue
Stage 0.378
1A 132 (60.8) 52 (66.7
1B 67 (30.9) 232
111l 18 (8.3) 3(38
Follow-up time (month) 0.637
Mean =+ standard deviation 554218 584234
Median (25th, 75th) 57 (47-66) 57 (51-66)
Number of recurrence
All 47 (21.7) 15(19.2) 0.652
At 1year 13 (6.0) 3(3.8)
At 2years 2109.7) 7(9.0)
At 3years 29(134) 9(11.5)
DFS, mean with 95% CI (month)
All 90 (84, 95) 99 (90, 107) 0.634
Low-risk group based on Rad-score 96 (92,101) 104 (98, 110) -
high-risk group based on Rad-score 71 (60, 81) 89 (75,102) -
Unless specified, data in parentheses are percentages
Abbreviations: DFS Disease-free survival, C/ Confidence interval
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Fig. 3 Bar plot of significant radiomics features associated with disease-free survival selected by LASSO analysis
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high-risk group (P=0.011, Fig. 4). The Kaplan-Meier sur-
vival curve in the training set is shown in Fig. S2.

In addition, the result of multivariate Cox regression
analysis showed that the clinical stage [hazard ratio (HR),
2.50, 95% CI, 1.08-5.80, P=0.032) and Rad-score (HR,
5.08, 95% CI, 2.61-9.90, P<0.001) were two independent
predictors of DFS (Fig. 5). The prognostic value of radi-
omics features was also proved among stage I patients
(Fig. S3 and S4). Furthermore, we assessed the effective-
ness of malignancy-score derived from the CNN model
with clinical features in prognostic analysis, but the
results indicated that the malignancy-score derived from
CNN model might be not as effective as the score derived
from radiomics features (Fig. S5).

Discussion

The current study evaluated the diagnostic and prognos-
tic value of radiomics and deep learning technologies for
patients with solid pulmonary nodules. We found the
established CNN models demonstrated the best diag-
nostic performance, followed by radiomics models and
then the model developed from clinical variables alone.
The established CNN models and radiomics models per-
formed slightly better than the two junior radiologists.
Besides, it was found that the Rad-score based on sixteen
radiomics features were important in predicting DFS of
patients with solid adenocarcinomas.
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Radiomics and deep learning technologies have been
playing an important role in cancer research [11, 12].
Similarly, studies predicting risk of solid nodules of 6 mm
to 15mm found the CNN and radiomics model demon-
strated an AUC of 0.93 and 0.97, respectively [14, 17].
Wu et al. studied solid nodules smaller than 20mm and
found the radiomics model achieved an AUC of 0.89 [15].
Besides, Yang et al. investigated solid lung adenosarco-
mas and granulomas and the AUCs of combined radi-
omics and clinical risk factors were 0.82—0.84 [16]. Feng
et al. established a deep learning nomogram to differenti-
ate tuberculosis granulomas from lung adenocarcinomas,
which yielded AUCs of 0.89-0.81 [19]. The current study
investigated solid pulmonary nodules less than 30 mm in
a larger sample size, and found the AUCs of CNN models
and radiomics models were 0.78-0.82. Hence, it’s advis-
able to apply radiomics and deep learning technologies in
solid nodule management in future.

In the radiomics models, most selected predictors were
texture and histogram distribution features. The tex-
ture features can measure the spatial inter-dependency
or co-occurrence of information across adjacent voxels
[26]. Specifically, the GLCM feature accounted for the
largest proportion of selected texture features in the cur-
rent study, which measures the value of texture images
with pixels of the same gray level and is mainly applied
for linear texture analysis. In previous studies, GLCM
is one of the most commonly used radiomics features,
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Fig. 4 Kaplan-Meier survival curves in the testing set based on radiomics features
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which may be associated with the spatial heterogeneity of
lung lesions [27, 28]. The histogram distribution features
represent the distribution of gray pixels in the intensity
image, which may characterize different subtypes of
nodules with varying degrees of density properties [29].
However, when compared with similar studies on lung
cancer risk prediction, the selected radiomics features for
modeling were not exactly the same, which may be due
to different strategies applied in radiomics feature extrac-
tion and the heterogeneity of the dataset [14-16].

We also evaluated the prognostic value of radiomics
and deep learning technologies for patients with solid
adenocarcinomas. It was reported that the recurrence
rate of early-stage non-small cell lung cancer is still sub-
stantial about 15-38.5% [30]. For adenocarcinomas, the
recurrence rate is significantly high in micropapillary-
predominant and solid-predominant subtypes [31]. In
the current study, totally 62 adenocarcinomas (21%)
relapsed and the median DFS was 26 months. Hence, it’s
essential to identify those who will suffer from disease
relapse. Our results indicated that the Rad-score based
on sixteen radiomics features was an independent pre-
dictor of DFS, with an even higher HR value than clinical
stage. Similar findings were reported in previous studies
[32-34]. Xie et al. found age, pathologic TNM stage, his-
tologic subtype and the radiomics signature were predic-
tors of DFS in lung adenocarcinomas [34]. In addition,
Huang et al. also found the radiomics signatures were

significantly associated with DFS of non-small cell lung
cancer, and the radiomics-based nomogram resulted in
better performance than that with the clinical-pathologic
variables [35]. However, it seemed that the CNN signa-
tures were not as predictive as radiomics signatures from
our current data, which could be caused by the small
sample size in prognostic analysis.

There were some limitations need to be considered
when interpreting our results. Firstly, this was a single
center study and models weren’t externally validated.
Previous studies have shown that when revalidated with
external data, the performance of models may be reduced
due to heterogeneous acquisition protocols and patient
populations [36, 37]. Secondly, the current study was
retrospectively carried out. Therefore, the CT images
used for radiomics and deep learning analysis were not
obtained from the same scanner, which may reduce the
stability of risk models.

Conclusions

On the one hand, it was found that the CNN models and
radiomics models demonstrated good performance in
predicting the malignancy of solid nodules, superior to
the model based on clinical variables alone. On the other
hand, radiomics features demonstrated potential to pre-
dict the DES of patients with solid adenocarcinomas.
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Abbreviations

SSN: Subsolid nodule; CNN: Convolutional neural network; RF: Random forest;
LASSO: Least absolute shrinkage and selection operator; ROC: Receiver operat-
ing characteristic curve; AUC: Area under the ROC curve; DFS: Disease-free
survival; Cl: Confidence interval.

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/512885-022-10224-7.

Additional file 1: Table S1. Distribution of the CT manufacturer in the
training and testing sets. Table S2. Distribution of the CT slice thickness in
the training and testing sets. Fig. S1. ROC curves of different classification
models in the training set. RF: random forest, CNN: convolutional neural
network. Fig. S2. Kaplan-Meier survival curves in the training set based on
radiomics features. Fig. $3. Kaplan-Meier survival analysis among stage |
patients (testing set). The disease-free survival between the low-risk and
high-risk groups were statistically different (P <0.05). Fig. S4. Random
forest of the multivariate Cox regression analysis among stage | patients.
Rad-score (HR, 4.92,95% Cl, 2.44-9.90, P<0.001) was the only independ-
ent predictor of disease-free survival. Fig. S5. Kaplan-Meier survival curves
with malignancy-score derived from the CNN model with clinical features

in the training (A) and testing (B) set.

Acknowledgements
Not applicable.

Authors’ contributions

BC, WL and RZ contributed to the conception and design of this study. RZ
and JR contributed to data acquisition. FS, YW and QZ contributed to data
interpretation and analysis. BC and WL contributed to study supervision. RZ
and YW contributed to manuscript editing. All authors read and approved the
final manuscript.

Funding

This work was supported by the Key R & D project of Sichuan Provincial
Department of Science and Technology (2021YFS0072), Interdisciplinary
Innovation Project of “135 Project” of West China Hospital of Sichuan University
(ZYJC21028).

Availability of data and materials
Please contact author (Bojiang Chen) for data requests.

Declarations

Ethics approval and consent to participate

All methods were performed in accordance with the Declaration of Helsinki.
The study was approved by the institutional review board of the West China
Hospital of Sichuan University.

Informed consent was waived by the institutional review board of the West

China Hospital of Sichuan University because this was a retrospective study

and the privacy and identity information of the subjects were guaranteed.

Consent for publication
Not applicable.

Competing interests
The authors report no conflicts of interest in this work.

Author details

'Department of Pulmonary and Critical Care Medicine, West China Hospital,
Sichuan University, 37 GuoXue Alley, Wuhou District, Chengdu, Sichuan Prov-
ince 610041, People’s Republic of China. 2Department of Research and Devel-
opment, Shanghai United Imaging Intelligence Co., Ltd., Shanghai, China.

Received: 24 July 2022 Accepted: 17 October 2022
Published online: 01 November 2022

Page 9 of 10

References

1.

De Koning HJ, Van Der Aalst CM, De Jong PA, Scholten ET, Nackaerts K,
Heuvelmans MA, et al. Reduced lung-cancer mortality with volume CT
screening in a randomized trial. N Engl J Med. 2020. https://doi.org/10.
1056/NEJM0a1911793.

National Lung Screening Trial Research T, Aberle DR, Adams AM, Berg CD,
Black WC, Clapp JD, et al. Reduced lung-cancer mortality with low-dose
computed tomographic screening. N Engl J Med. 2011. https://doi.org/
10.1056/NEJMoa1102873.

Bai C, Choi CM, Chu CM, Anantham D, Chung-Man Ho J, Khan AZ, et al.
Evaluation of pulmonary nodules: clinical practice consensus guidelines
for Asia. Chest. 2016. https://doi.org/10.1016/j.chest.2016.02.650.

Baldwin DR, Callister ME, Guideline DG. The British Thoracic Society
guidelines on the investigation and management of pulmonary nodules.
Thorax. 2015. https://doi.org/10.1136/thoraxjnl-2015-207221.

Gould MK, Donington J, Lynch WR, Mazzone PJ, Midthun DE, Naidich DP,
et al. Evaluation of individuals with pulmonary nodules: when is it lung
cancer? Diagnosis and management of lung cancer, 3rd ed: American
College of Chest Physicians evidence-based clinical practice guidelines.
Chest. 2013. https://doi.org/10.1378/chest.12-2351.

Macmahon H, Naidich DP, Goo JM, Lee KS, Leung ANC, Mayo JR, et al.
Guidelines for management of incidental pulmonary nodules detected
on CTimages: from the Fleischner society 2017. Radiology. 2017. https://
doi.org/10.1148/radiol.2017161659.

Chang B, Hwang JH, Choi YH, Chung MP, Kim H, Kwon OJ, et al. Natural
history of pure ground-glass opacity lung nodules detected by low-dose
CT scan. Chest. 2013. https://doi.org/10.1378/chest.11-2501.

Naidich DP, Bankier AA, Macmahon H, Schaefer-Prokop CM, Pistolesi M,
Goo JM, et al. Recommendations for the management of subsolid pul-
monary nodules detected at CT: a statement from the Fleischner society.
Radiology. 2013. https://doi.org/10.1148/radiol.12120628.

Soardi GA, Perandini S, Motton M, Montemezzi S. Assessing probability
of malignancy in solid solitary pulmonary nodules with a new Bayes-

ian calculator: improving diagnostic accuracy by means of expanded
and updated features. Eur Radiol. 2015. https://doi.org/10.1007/
500330-014-3396-2.

Ko JP. Lung adenocarcinomas: can volume doubling time aid manage-
ment? Radiology. 2020. https://doi.org/10.1148/radiol.2020200724.

. Lambin P, Leijenaar RTH, Deist TM, Peerlings J, De Jong EEC, Van Tim-

meren J, et al. Radiomics: the bridge between medical imaging and
personalized medicine. Nat Rev Clin Oncol. 2017. https://doi.org/10.1038/
nrclinonc.2017.141.

Bi WL, Hosny A, Schabath MB, Giger ML, Birkbak NJ, Mehrtash A, et al. Arti-
ficial intelligence in cancer imaging: clinical challenges and applications.
CA Cancer J Clin. 2019. https://doi.org/10.3322/caac.21552.

Zhang T, Yuan M, Zhong Y, Zhang YD, Li H, Wu JF, et al. Differentiation of
focal organising pneumonia and peripheral adenocarcinoma in solid
lung lesions using thin-section CT-based radiomics. Clin Radiol. 2019.
https://doi.org/10.1016/j.crad.2018.08.014.

Mao L, Chen H, Liang M, Li K, Gao J, Qin P, et al. Quantitative radiomic
model for predicting malignancy of small solid pulmonary nodules
detected by low-dose CT screening. Quant Imag Med Surg. 2019. https://
doi.org/10.21037/qims.2019.02.02.

Wu'S, Zhang N, Wu Z, Ren J, E L. Can peritumoral radiomics improve the
prediction of malignancy of solid pulmonary nodule smaller than 2 cm?
Acad Radiol. 2020. https://doi.org/10.1016/j.acra.2020.10.029.

Yang X, He J,Wang J, LiW, Liu C, Gao D, et al. CT-based radiomics signa-
ture for differentiating solitary granulomatous nodules from solid lung
adenocarcinoma. Lung Cancer. 2018. https://doi.org/10.1016/jlungcan.
2018.09.013.

Tsakok MT, Mashar M, Pickup L, Peschl H, Kadir T, Gleeson F. The utility
of a convolutional neural network (CNN) model score for cancer risk in
indeterminate small solid pulmonary nodules, compared to clinical prac-
tice according to British Thoracic Society guidelines. Eur J Radiol. 2021.
https://doi.org/10.1016/j.ejrad.2021.109553.

Lin X, Jiao H, Pang Z, Chen H, Wu W, Wang X, et al. Lung cancer and
granuloma identification using a deep learning model to extract
3-dimensional radiomics features in CT imaging. Clin Lung Cancer. 2021.
https://doi.org/10.1016/j.cllc.2021.02.004.

Feng B, Chen X, ChenY, Lu S, Liu K, Li K, et al. Solitary solid pulmonary
nodules: a CT-based deep learning nomogram helps differentiate


https://doi.org/10.1186/s12885-022-10224-z
https://doi.org/10.1186/s12885-022-10224-z
https://doi.org/10.1056/NEJMoa1911793
https://doi.org/10.1056/NEJMoa1911793
https://doi.org/10.1056/NEJMoa1102873
https://doi.org/10.1056/NEJMoa1102873
https://doi.org/10.1016/j.chest.2016.02.650
https://doi.org/10.1136/thoraxjnl-2015-207221
https://doi.org/10.1378/chest.12-2351
https://doi.org/10.1148/radiol.2017161659
https://doi.org/10.1148/radiol.2017161659
https://doi.org/10.1378/chest.11-2501
https://doi.org/10.1148/radiol.12120628
https://doi.org/10.1007/s00330-014-3396-2
https://doi.org/10.1007/s00330-014-3396-2
https://doi.org/10.1148/radiol.2020200724
https://doi.org/10.1038/nrclinonc.2017.141
https://doi.org/10.1038/nrclinonc.2017.141
https://doi.org/10.3322/caac.21552
https://doi.org/10.1016/j.crad.2018.08.014
https://doi.org/10.21037/qims.2019.02.02
https://doi.org/10.21037/qims.2019.02.02
https://doi.org/10.1016/j.acra.2020.10.029
https://doi.org/10.1016/j.lungcan.2018.09.013
https://doi.org/10.1016/j.lungcan.2018.09.013
https://doi.org/10.1016/j.ejrad.2021.109553
https://doi.org/10.1016/j.cllc.2021.02.004

Zhang et al. BMC Cancer

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33

34.

35.

36.

37.

(2022)22:1118

tuberculosis granulomas from lung adenocarcinomas. Eur Radiol. 2020.
https://doi.org/10.1007/500330-020-07024-z.

Shi F, Chen B, Cao Q, Wei Y, Zhou Q, Zhang R, et al. Semi-supervised deep
transfer learning for benign-malignant diagnosis of pulmonary nodules
in chest CT images. IEEE Trans Med Imaging. 2021. https://doi.org/10.
1109/tmi.2021.3123572.

Ouyang X, Huo J, Xia L, Shan F, Shen D. Dual-sampling attention network
for diagnosis of COVID-19 from community acquired pneumonia. IEEE
Trans Med Imaging. 2020. https://doi.org/10.1109/TMI.2020.2995508.
ShiF, Xia L, Shan F, Song B, Shen D. Large-scale screening of COVID-19
from community acquired pneumonia using infection size-aware classifi-
cation. Phys Med Biol. 2021. https://doi.org/10.1088/1361-6560/abe838.
Griethuysen JJMV, Fedorov A, Parmar C, Hosny A, Aerts HJWL. Computa-
tional radiomics system to decode the radiographic phenotype. Cancer
Res. 2017. https://doi.org/10.1158/0008-5472.CAN-17-0339.

Sun X, Xu W. Fast implementation of DeLong's algorithm for comparing
the areas under correlated receiver operating characteristic curves. IEEE
Signal Process Lett. 2014. https://doi.org/10.1109/LSP2014.2337313.
Camp RL, Dolled-Filhart M, Rimm DL. X-tile: a new bio-informatics tool for
biomarker assessment and outcome-based cut-point optimization. Clin
Cancer Res. 2004. https://doi.org/10.1158/1078-0432.Ccr-04-0713.

Ergen B, Baykara M. Texture based feature extraction methods for content
based medical image retrieval systems. Biomed Mater Eng. 2014. https://
doi.org/10.3233/Bme-141127.

Moya L, Zakeri H, Yamazaki F, Liu W, Mas E, Koshimura S. 3D gray level co-
occurrence matrix and its application to identifying collapsed buildings.
ISPRS J Photogramm Remote Sens. 2019. https://doi.org/10.1016/j.isprs
jprs.2019.01.008.

Conti A, Duggento A, Indovina |, Guerrisi M, Toschi N. Radiomics in breast
cancer classification and prediction. Semin Cancer Biol. 2021. https://doi.
org/10.1016/j.semcancer.2020.04.002.

Chen CH, Chang CK, Tu CY, Liao WC, Wu BR, Chou KT, et al. Radiomic
features analysis in computed tomography images of lung nodule clas-
sification. Plos One. 2018:0192002. https://doi.org/10.1371/journal.pone.
0192002.

Kim H, Goo JM, Lee KH, Kim YT, Park CM. Preoperative CT-based deep
learning model for predicting disease-free survival in patients with lung
adenocarcinomas. Radiology. 2020. https://doi.org/10.1148/radiol.20201
92764.

Hung JJ, Yeh YC, Jeng WJ, Wu KJ, Huang BS, Wu YC, et al. Predictive value
of the international association for the study of lung cancer/american
thoracic society/european respiratory society classification of lung
adenocarcinoma in tumor recurrence and patient survival. J Clin Oncol.
2014. https://doi.org/10.1200/jc0.2013.50.1049.

Chen H, Liang M, Li X, Wu T, Zhang L, Liu X. An individualised radiomics
composite model predicting prognosis of stage 1 solid lung adenocarci-
noma. Clin Radiol. 2020. https://doi.org/10.1016/j.crad.2020.03.019.
Choe J, Lee SM, Do KH, Kim S, Choi S, Lee JG, et al. Outcome prediction
in resectable lung adenocarcinoma patients: value of CT radiomics. Eur
Radiol. 2020. https://doi.org/10.1007/500330-020-06872-z.

Xie D, Wang TT, Huang SJ, Deng JJ, Ren YJ, Yang Y, et al. Radiomics nomo-
gram for prediction disease-free survival and adjuvant chemotherapy
benefits in patients with resected stage I lung adenocarcinoma. Trans!
Lung Cancer Res. 2020. https://doi.org/10.21037/tlcr-19-577.

HuangY, Liu Z, He L, Chen X, Pan D, Ma Z, et al. Radiomics signature: a
potential biomarker for the prediction of disease-free survival in early-
stage (I or Il) non-small cell lung cancer. Radiology. 2016. https://doi.org/
10.1148/radiol.2016152234.

Bera K, Braman N, Gupta A, Velcheti V, Madabhushi A. Predicting cancer
outcomes with radiomics and artificial intelligence in radiology. Nat Rev
Clin Oncol. 2022. https://doi.org/10.1038/541571-021-00560-7.

Traverso A, Wee L, Dekker A, Gillies R. Repeatability and reproducibility of
radiomic features: a systematic review. Int J Radiat Oncol Biol Phys. 2018.
https://doi.org/10.1016/}.ijrobp.2018.05.053.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 10 of 10

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions



https://doi.org/10.1007/s00330-020-07024-z
https://doi.org/10.1109/tmi.2021.3123572
https://doi.org/10.1109/tmi.2021.3123572
https://doi.org/10.1109/TMI.2020.2995508
https://doi.org/10.1088/1361-6560/abe838
https://doi.org/10.1158/0008-5472.CAN-17-0339
https://doi.org/10.1109/LSP.2014.2337313
https://doi.org/10.1158/1078-0432.Ccr-04-0713
https://doi.org/10.3233/Bme-141127
https://doi.org/10.3233/Bme-141127
https://doi.org/10.1016/j.isprsjprs.2019.01.008
https://doi.org/10.1016/j.isprsjprs.2019.01.008
https://doi.org/10.1016/j.semcancer.2020.04.002
https://doi.org/10.1016/j.semcancer.2020.04.002
https://doi.org/10.1371/journal.pone.0192002
https://doi.org/10.1371/journal.pone.0192002
https://doi.org/10.1148/radiol.2020192764
https://doi.org/10.1148/radiol.2020192764
https://doi.org/10.1200/jco.2013.50.1049
https://doi.org/10.1016/j.crad.2020.03.019
https://doi.org/10.1007/s00330-020-06872-z
https://doi.org/10.21037/tlcr-19-577
https://doi.org/10.1148/radiol.2016152234
https://doi.org/10.1148/radiol.2016152234
https://doi.org/10.1038/s41571-021-00560-7
https://doi.org/10.1016/j.ijrobp.2018.05.053

	The diagnostic and prognostic value of radiomics and deep learning technologies for patients with solid pulmonary nodules in chest CT images
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Methods
	Patients and clinical variables
	CT image acquisition and nodule segmentation
	CNN models
	Radiomics models
	Statistical analysis

	Results
	Patient characteristics
	Predictive performance of models
	Survival analysis

	Discussion
	Conclusions
	Acknowledgements
	References


