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Abstract
Background: Lung cancer is the most commonly diagnosed cancer worldwide. Its

survival rate can be significantly improved by early screening. Biomarkers based on

radiomics features have been found to provide important physiological information

on tumors and considered as having the potential to be used in the early screening of

lung cancer. In this study, we aim to establish a radiomics model and develop a tool

to improve the discrimination between benign and malignant pulmonary nodules.

Methods: A retrospective study was conducted on 875 patients with benign or malig-

nant pulmonary nodules who underwent computed tomography (CT) examinations

between June 2013 and June 2018. We assigned 612 patients to a training cohort

and 263 patients to a validation cohort. Radiomics features were extracted from the

CT images of each patient. Least absolute shrinkage and selection operator (LASSO)

was used for radiomics feature selection and radiomics score calculation. Multi-

variate logistic regression analysis was used to develop a classification model and

radiomics nomogram. Radiomics score and clinical variables were used to distinguish

benign and malignant pulmonary nodules in logistic model. The performance of the

radiomics nomogram was evaluated by the area under the curve (AUC), calibration

curve and Hosmer-Lemeshow test in both the training and validation cohorts.

Results: A radiomics score was built and consisted of 20 features selected by LASSO

from 1288 radiomics features in the training cohort. The multivariate logistic model

and radiomics nomogram were constructed using the radiomics score and patients’

age. Good discrimination of benign and malignant pulmonary nodules was obtained

from the training cohort (AUC, 0.836; 95% confidence interval [CI]: 0.793-0.879) and

Abbreviations: AUC, Area Under Curve; CI, confidence interval; CT, computed tomography; LASSO, least absolute shrinkage and selection operator; OR,

odd ratio; ROC, receiver-operator characteristic; ROI, region of interest.
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validation cohort (AUC, 0.809; 95% CI: 0.745-0.872). The Hosmer-Lemeshow test

also showed good performance for the logistic regression model in the training cohort

(P = 0.765) and validation cohort (P = 0.064). Good alignment with the calibration

curve indicated the good performance of the nomogram.

Conclusions: The established radiomics nomogram is a noninvasive preoperative pre-

diction tool for malignant pulmonary nodule diagnosis. Validation revealed that this

nomogram exhibited excellent discrimination and calibration capacities, suggesting

its clinical utility in the early screening of lung cancer.
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1 BACKGROUND

Global statistics have shown that lung cancer is the most com-

monly diagnosed cancer and the leading cause of cancer death

in both men and women [1, 2]. Due to non-timely diagnosis,

most lung cancers are in an advanced stage when diagnosed

leading to a poor 5-year overall survival rate of only 16.3%

[3], whereas the 10-year survival rate of patients with stage

I lung cancer who underwent surgery is 92% [4]. As such,

the early screening of high-risk patients and treatment of lung

cancer can improve the patients prognoses and reduce the risk

of lung cancer death [5-8].

Every year, a large number of people undergo health exam-

inations in China. The pulmonary nodules high-risk popula-

tion was screened by computed tomography (CT). With the

wide application of high-resolution CT in recent years, small

pulmonary nodules have been detected in as many as 14%-

58% of screening cases [9]. Obtaining high-quality images

with a minimum radiation dose is the future development

direction in pulmonary nodule screening. Once pulmonary

nodules are detected by CT examination, doctors can judge

whether the nodules are benign or malignant based on their

size, shape, boundary, density, relationship with blood ves-

sels. According to the judgments of doctors, different treat-

ment plans are adopted. In some cases, it is hard for young

doctors who lack extensive experience to accurately deter-

mine whether the nodules are benign or malignant.

Radiomics is an emerging and promising method that can

quickly extract large numbers of features from tomographic

images using high-throughput calculations [10, 11]. Presently,

radiomics can extract a large number of features from medi-

cal images, multiscale wavelet images, and Gaussian filtering

images, and those features can usually be divided into first-

order statistical features, shape-based features, and statistical-

based texture features [10, 12]. Big data and an increasing

number of pattern recognition tools have contributed to the

development of radiomics.

Therefore, medical images are not only used as a visual tool

but are considered as quantitative data that can be used for data

mining [11, 13, 14]. The relationships between radiomics fea-

tures and clinical features can be revealed by quantitative anal-

ysis [15]. Previous studies have shown that biomarkers based

on radiomics features are associated with clinical outcomes.

Radiomics features are used to develop diagnostic or prognos-

tic models as a clinical tool for personalized diagnostics and

clinical decision support [16, 17]. If the radiomics method is

used in the early screening of lung cancer, it is possible to

improve the diagnostic accuracy and the efficiency of clinical

decision-making.

The present study aims to develop a radiomics model and

a nomogram as clinical application tool for differentiating

between benign and malignant pulmonary nodules in the early

screening of lung cancer.

2 MATERIALS AND METHODS

2.1 Datasets

The clinical data and CT images of 875 patients who

underwent physical examinations at the Weihai Municipal

Hospital (Weihai, Shandong, China) between June 2013 and

June 2018 were reviewed. Most patients were confirmed

by surgical specimen, some patients were confirmed by

preoperative biopsy, such as percutaneous puncture or

bronchoscopic biopsy. Patients were eligible for inclusion

if they met the following criteria: (1) physical examination

by CT scan revealing pulmonary nodules; (2) asymptomatic

at diagnosis; (3) aged over 18 years old; (4) no lung can-

cer or other malignant tumors in the past five years; (5)

physical condition fit for biopsy or surgery; and (6) definite

pathological diagnosis for benign or malignant nodules. The

exclusion criteria were as follows: (1) nodules larger than

3 cm in diameter; (2) complicated with other pulmonary
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lesions; (3) past history of lung disease; and (4) metastatic

tumors.

Data related to age, sex, and pulmonary nodule location

was collected. All benign and malignant pulmonary nodules

patients were randomly divided into two sets (training and

validation cohort) by simple random sampling. The training

cohort was used to construct a model and the validation cohort

was used to evaluate the model. The protocol of this study was

approved by the Public Health Ethics Committee of Shandong

University (Approval No. 20180801), and informed consent

was waived.

2.2 Image acquisition and radiomics
feature extraction

The radiomics workflow is shown in Supplementary Figure

S1. All patients underwent CT examination before percuta-

neous puncture or bronchoscopic biopsy. The CT machine

used was SIEMENS SOMATOM Definition Flash system

(Siemens Healthineers, Erlangen, Germany), and the CT scan

parameters were as follows: 120 kV, 150 effective mAs, beam

collimation of 128× 0.6 mm, pitch of 1.2, gantry rotation time

of 0.5 s, and slice thickness of 1.0 mm for the reconstructed

image. The CT images of each patient included the lungs win-

dow and mediastinum window. The lungs window was used

to extract radiomics features.

The region of interest (ROI) of each CT image was

segmented by one doctor (Dr. Ailing Liu, Department of

Respiratory Internal Medicine, Weihai Municipal Hospital,

Weihai, Shandong, China) using the published 3D Slicer soft-

ware version 4.8.0 (National Institutes of Health, Bethesda,

MD, USA) [18]. The CT images of each patient were semi-

automatically segmented in the visible area of the lesion. The

radiomics features were extracted using the PyRadiomics

version 2.1 module of Python version 3.6 (Python Software

Foundation, Beaverton, OR, USA) [19]. Radiomics features

were subdivided into the following categories: first-order

statistical features, shape-based features, and statistical-based

texture features. In addition to the shape features, all features

were computed on the original image or on a Gaussian-

or Wavelet-filtered image. All of the features were defined

as described by the Imaging Biomarkers Standardization

Initiative [20].

2.3 Statistical analysis

2.3.1 Radiomics feature selection
and radiomics score construction

The least absolute shrinkage and selection operator (LASSO)

method was used to select the nonzero coefficient features

in the training cohort. The LASSO algorithm is a regression

analysis method for feature selection and regularization that

aims to enhance the prediction accuracy and interpretability of

statistical models [21]. The formula to calculate the radiomics

score can be found in the Supplementary Method.

2.3.2 Predictive verification
of the radiomics score

The established radiomics score and the clinical data,

including age, sex, and pulmonary nodule location was

used to construct a univariate logistic regression model and

a multivariate logistic regression model with the training

cohort. The final multivariate logistic regression was con-

structed using backward stepwise regression to obtain similar

results with fewer variables. The prediction performance

of the logistic regression model was quantified by receiver

operating characteristic (ROC) curves and the area under the

curve (AUC) in the training cohort and validation cohort.

Statistical difference between ROC curves of training and

validation cohort was tested using the DeLong method [22].

2.3.3 Construction and evaluation
of a radiomics nomogram

A nomogram was drawn based on the multivariate logis-

tic regression model. The calibration curve and Hosmer-

Lemeshow test were used to evaluate the validity of the

radiomics nomogram.

Statistical analysis was performed using R software version

3.6 (The Free Software Foundation, Boston, MA, USA). The

“glmnet” package was used to build the LASSO model. The

“rms” package was used to draw the nomogram. The “pROC”

package was used to draw the ROC curves. The “ggplot2”

package was used to draw a waterfall plot and calibration

curve. The “generalhoslem” package was used to perform the

Hosmer-Lemeshow test. A two-sided P < 0.05 was consid-

ered significant.

3 RESULTS

3.1 Patient characteristics

A total of 875 patients were enrolled. Six hundred and twelve

(70%) patients were assigned to the training cohort, and 263

(30%) were assigned to the validation cohort. The clinical

characteristics of the patients in the training and validation

cohorts are shown in Table 1. Four hundred and ninety-nine

(81.5%) patients in the training cohort and 207 (78.7%) in the

validation cohort had malignant pulmonary nodules. There
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T A B L E 1 Clinical characteristics of the 875 patients with pulmonary nodules in the training cohort and validation cohort

Training cohort (n = 612) Validation cohort (n = 263)
Characteristic Benign n (%) Malignant n (%) P value Benign n (%) Malignant n (%) P value
Age (years) < 0.001 0.546

< 55 59 (52.2) 137 (27.5) 22 (39.3) 70 (33.8)

≥ 55 54 (47.8) 362 (72.5) 34 (60.7) 137 (66.2)

Gender 0.113 0.537

Female 60 (53.1) 308 (61.7) 32 (57.1) 130 (62.8)

Male 53 (46.9) 191 (38.3) 24 (42.9) 77 (37.2)

Location of pulmonary nodule 0.030 0.506

In lung Right upper 32 (28.3) 190 (38.1) 12 (21.4) 65 (31.4)

Right middle 10 (8.8) 37 (7.4) 5 (8.9) 22 (10.6)

Right lower 30 (26.5) 85 (17.0) 10 (17.9) 35 (16.9)

Left upper 18 (15.9) 112 (22.4) 15 (26.8) 50 (24.2)

Left lower 23 (20.4) 75 (15.0) 14 (25.0) 35 (16.9)

Note: P values were obtained from the univariate association analyses between the pulmonary nodules and each clinical characteristic.

was no significant difference in the rate of patients with malig-

nant tumors between the two cohorts (P = 0.380, 𝜒2 test).

3.2 Establishment and validation
of the radiomics score

A total of 1288 radiomics features were extracted from each

patient’s lung CT images. Detailed information about the

radiomics features can be found in Supplementary Method

and Supplementary Table S1.

The LASSO logistic regression model identified a total of

20 radiomics features with nonzero coefficients in the training

cohort (Figure 1A and B). The 20 radiomics features are sum-

marized in Supplementary Table S2. The radiomics scores

of patients with malignant pulmonary nodules were usually

higher than those with benign pulmonary nodules. In the train-

ing cohort, the radiomics scores (median [interquartile range])

of the malignant patient group (1.906 [1.379-2.416]) were

significantly different (P < 0.001) from those of the benign

patient group (0.826 [0.338-1.271]). Additionally, in the val-

idation cohort, the radiomics scores of the malignant patient

group (2.035 [1.500-2.496]) were also significantly different

(P < 0.001) from those of the benign patient group (0.886

[0.451-1.575]).

As shown in Figure 1C and D, most patients with malig-

nant pulmonary nodules (88.4%, 183/207) were diagnosed by

the cutoff line of the radiomics score in the validation cohort.

Based on the maximum Youden index in the training cohort,

we found that the cutoff line of the radiomics score was 0.981.

To further verify the validity of the radiomics score, we

compared the ROC curve of the logistic regression model with

the clinical variables (age, sex, and pulmonary nodule loca-

tion) to that of the hybrid logistic regression model. Figure 2

shows that the AUC of the hybrid logistic model was higher

than that of the clinical variables.

3.3 Validation and performance of the
logistic model and radiomics nomogram

Table 2 shows the results of the univariate and multivariate

logistic regression analyses. The backward logistic regres-

sions which identified the radiomics score (odd ratio [OR],

5.77; 95% confidence interval [CI], 4.03-8.27; P < 0.001) and

age (OR, 1.04; 95% CI, 1.01-1.06; P = 0.002) as independent

predictors.

The AUC of the logistic regression model of the training

cohort was 0.836 (Figure 3A, 95% CI, 0.793-0.879) and that

in the validation cohort was 0.809 (Figure 3B, 95% CI, 0.745-

0.872). As shown in Figure 3C, there was no significant dif-

ference (P = 0.485).between these two ROC curves.

The radiomics nomogram was showed in Figure 4A. The

calibration curve showed good calibration for the probabil-

ity of malignant pulmonary nodules, the Hosmer-Lemeshow

test showed a nonsignificant goodness of fit in the training

cohort (P = 0.765, Figure 4B) and in the validation cohort

(P = 0.064,, Figure 4C).

4 DISCUSSION

In this retrospective study, we established a logistic regres-

sion model and radiomics nomogram that could distinguish

between benign and malignant pulmonary nodules during the

early screening of lung cancer.

Although traditional medical diagnostic model can grasp

the key information of identification between benign and
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F I G U R E 1 Radiomics feature selection using the LASSO logistic regression model. A. The curve of the coefficient path of 1288 radiomics

features in the training cohort. The dashed vertical line was drawn using the value of the selected log (𝜆) in the 10-fold cross-validation in B, and

there are 20 features with nonzero coefficients. B. The adjustment penalty parameter 𝜆 was selected in the LASSO model by 10-fold cross-validation

based on the error within one standard error range of the minimum. The AUC values from the LASSO regression cross-validation process were

plotted as a function of log (𝜆). The y-axis represents the AUC value. The lower x-axis represents log (𝜆). The number above the x-axis represents

the average of the predictors. The red dot indicates the AUC value of each model with a given 𝜆, and the vertical bar of the red dot indicates the upper

and lower limits of the deviation. The vertical black line defines the best value for 𝜆, where the model can provide the best result for the data. The

best 𝜆 value was 0.024, log (𝜆) = −3.730, and a total of 20 variables were selected. C-D. The waterfall plot of the training cohort (C) and validation

cohort (D) was used to visualize the distribution of the radiomics score and the benign and malignant state of the pulmonary nodules of individual

patients. The best cutoff value was 0.981. Abbreviations: LASSO, least absolute shrinkage and selection operator; AUC, area under the curve

malignant pulmonary nodules, it inevitably has the disad-

vantages of bias in diagnosing the nodules. Additionally, in

current imaging diagnostics, the analysis of medical images is

performed by simple statistics of CT values and other values,

but no in-depth and detailed analyses are performed. In fact,

clinical data, CT and other imaging histological markers

contain important information about pulmonary nodules.

Previously, a large number of studies have confirmed that

radiomics is effective for the diagnosis and prognosis of lung

cancer and pulmonary nodules [12, 23, 24]. Previous studies

used statistical methods such as Kaplan-Meier survival curves

and gene-set enrichment analysis to analyze the association

of radiomics features with tumor phenotype, prognosis, and

even gene expression [12]. However, you will find that these
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T A B L E 2 Univariate and multivariate logistic regression analysis of the predicted factors for pulmonary nodules of patients in the training

cohort

Univariate analysis Multivariate analysis
Characteristic OR (95% CI) P value OR (95% CI) P value
Radiomics score 5.89 (4.12-8.41) < 0.001 5.77 (4.03-8.27) < 0.001

Age (years) < 55 1.00 1.00

≥ 55 1.05 (1.02-1.07) < 0.001 1.04 (1.01-1.06) 0.002

Gender Male 1.00

Female 0.70 (0.47-1.06) 0.092 – –

Location of pulmonary nodule in lung Right upper 1.00

Right middle 0.62 (0.28-1.38) 0.242 – –

Right lower 0.48 (0.27-0.84) 0.010 0.58 (0.30-1.12) 0.105

Left upper 1.05 (0.56-1.95) 0.883 – –

Left lower 0.55 (0.30-1.00) 0.050 – –

Note: -, not available. The variables were eligible for inclusion in the multivariate analysis if P < 0.05 in univariate analysis, so the OR and P values were not available.

Abbreviations: OR, odd ratio; CI, confidence interval.

F I G U R E 2 Validation of the radiomics score. The comparison of

the ROC curve of the logistic regression model with the clinical

variables (red line) and the ROC curve of the logistic model with

clinical variables along with the radiomics score (green line).

Abbreviations: ROC, receiver operating characteristic; AUC, area

under the curve

previous studies used fewer radiomics features; too few

radiomics features will make a decline in effectiveness and

stability. In this study, we used the LASSO model to select

features from 1288 radiomics features, including first-order

statistical features, shape-based features, statistical-based

texture features and Gaussian and Wavelet information that

can improve the stability of the radiomics model.

From the waterfall map in the validation cohort

(Figure 1D), 88.4% of malignant pulmonary nodules

could be correctly classified, showing that the radiomics

score was able to effectively distinguish benign and malignant

pulmonary nodules in the early screening of lung cancer.

By comparing the ROC curves of the radiomics score and

traditional risk factors, the AUC increased from 0.663 to

0.844, indicating radiomics score have advantages over

traditional risk factors.

Finally, a radiomics nomogram based on a logistic regres-

sion model was developed and can be used as a clinically

easy-to-use tool. Doctors can use this radiomics nomogram to

calculate the risk of malignant pulmonary nodules quickly and

easily after further validation in multicenter cohorts and in

different populations. In the validation cohort, the calibration

curve demonstrated a good degree of coincidence with the

45◦ perfect prediction line, and the P value of the Hosmer-

Lemeshow test statistic was nonsignificant, which indicates

that the calibration of the radiomics nomogram based on the

agreement between the predicted and observed results were

reliable.

LASSO-logistic regression and nomogram have been

applied to the prediction of lymph node metastasis in colorec-

tal cancer and bladder cancer and in the survival prediction

of non-small cell lung cancer [25-27]. The positive results of

these articles reveal the effectiveness of radiomics in similar

studies. However, the application of radiomics in early lung

cancer screening mostly uses machine learning for pulmonary

nodule localization or building a discriminant model [28, 29].

Since clinical application tools are not available, this research

is difficult to widely spread to clinical applications. Addi-

tionally, almost no study has applied radiomics and nomo-

grams in the diagnosis of pulmonary nodules. Considering

the important role of early screening for lung cancer, there is

great potential to apply radiomics and nomograms to improve

the survival rate of lung cancer patients. Therefore, this

article investigated the application of radiomics and devel-

oped a radiomics nomogram to assist doctors in diagnosing
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F I G U R E 3 The ROC curve of the logistic regression model. A-B shows the ROC curves of the multivariate logistic regression model with

radiomics score and age in the training (A) and validation (B) cohorts. C shows the test between the two ROC curves using the DeLong method

F I G U R E 4 Radiomics nomogram and calibration curves. A. Radiomics nomogram for predicting benign and malignant pulmonary nodules.

B-C. Calibration curves of the radiomics nomogram in the training (B) and validation (C) cohorts. The calibration curve describes the calibration of

the nomogram based on the agreement between the prediction of the benign and malignant pulmonary nodules and the observed actual benign and

malignant results. The black line represents the perfect prediction, and the blue line represents the prediction performance of the radiomics nomogram
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pulmonary nodules. As a noninvasive diagnostic tool, the

nomogram will contribute to the guidance of surgical treat-

ments and clinical decision-making.

In addition, there are some notable points and limitations

in this article. Firstly, most benign patients don’t choose to

have surgery or biopsy, we can’t obtain pathological diag-

nosis, so the proportion of malignant cases in this article is

high. We chose the logistic model that is not sensitive to

unbalanced data. Secondly, Referring to the 2017 Guidelines

for the management of incidental pulmonary nodules [30],

some traditional key risk factors, such as nodule size, mor-

phology, and multiplicity, can be described by radiomics fea-

tures. However, because our research focused on the relation-

ship between CT and pathology, other traditional key risk

factors such as family history, smoking and drinking history

were missing when we collected data. In a future study, we

hope to add these variables to improve the model. At the

same time, the model performs well with good results in the

absence of the traditional key variables of lung cancer, which

also demonstrates the importance of radiomics. Finally, this

study collected data from a single-center, although we divided

the validation set to evaluation the stability of model, obvi-

ously data from multicenter cohorts and different populations

are better, so multicenter research is the direction of further

research.

5 CONCLUSIONS

In this retrospective study, we constructed a model for distin-

guishing between benign and malignant lung nodules in early

lung cancer screening. A nomogram was then built and pro-

posed as a clinical-assisting diagnostic tool. It is noninvasive,

inexpensive and can simplify decision-making efficiency to

improve the lung cancer survival rate.
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