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Abstract. – OBJECTIVE: Chest computed 
tomography (CT) is increasingly being used to 
screen for lung cancer. Machine learning mod-
els could facilitate the distinction between be-
nign and malignant pulmonary nodules. This 
study aimed to develop and validate a simple 
clinical prediction model to distinguish between 
benign and malignant lung nodules.

PATIENTS AND METHODS: Patients who un-
derwent a video thoracic-assisted lobectomy be-
tween January 2013 and December 2020 at a Chi-
nese hospital were enrolled in the study. The clin-
ical characteristics of the patients were extracted 
from their medical records. Univariate and mul-
tivariate analyses were used to identify the risk 
factors for malignancy. A decision tree model 
with 10-fold cross-validation was constructed to 
predict the malignancy of the nodules. The sensi-
tivity, specificity, and area under the curve (AUC) 
of a receiver operatic characteristics curve were 
used to evaluate the model’s prediction accura-
cy in relation to the pathological gold standard.

RESULTS: Out of the 1,199 patients with pul-
monary nodules enrolled in the study, 890 were 
pathologically confirmed to have malignant le-
sions. The multivariate analysis identified satel-
lite lesions as an independent predictor for be-
nign pulmonary nodules. Conversely, the lobulat-
ed sign, burr sign, density, vascular convergence 
sign, and pleural indentation sign were identified 
as independent predictors for malignant pulmo-
nary nodules. The decision tree analysis identi-
fied the density of the lesion, the burr sign, the 
vascular convergence sign, and the drinking his-
tory as predictors of malignancy. The area under 
the curve of the decision tree model was 0.746 
(95% CI 0.705-0.778), while the sensitivity and 
specificity were 0.762 and 0.799, respectively.  

CONCLUSIONS: The decision tree model 
accurately characterized the pulmonary nod-
ule and could be used to guide clinical deci-
sion-making. 

Key Words:
Decision tree model, Pulmonary nodules, Malig-

nant, Benign.

Introduction

Lung cancer is the leading cause of cancer-re-
lated deaths worldwide. Smoking and pollution 
can increase the risk of developing lung cancer1. 
Non-small cell lung cancer (NSCLC) accounts 
for approximately 85% of lung cancer diagnoses. 
However, due to the lack of early diagnostic tools, 
approximately 50% of NSCLC patients are found 
at stage IV, and their 5-year survival rate is low-
er than 10%2. High-resolution computed tomog-
raphy (CT) and low-dose computed tomography 
(LDCT) are increasingly being used to screen 
for lung cancer3,4. These imaging techniques can 
detect very small pulmonary nodules. However, 
not all of these nodules are found to be malignant 
after biopsy. Several features could be used to dis-
criminate between benign and malignant lesions, 
including lesion size, the proportion of solid com-
ponents, and density5. According to the above 
malignant characteristics, more and more surgi-
cal interventions for pulmonary nodules are be-
ing performed. With the advancement of medical 

European Review for Medical and Pharmacological Sciences 2023; 27: 5692-5699

X.-B. MA1, Q.-L. XU2, N. LI3, L.-N. WANG4, H.-C. LI2, S.-J. JIANG1

1Department of Respiratory Medicine, Shandong Provincial Hospital, Shandong University, Jinan, China
2Department of Respiratory Medicine, Provincial Hospital Affiliated to Shandong First Medical 
 University, Jinan, China
3Department of Radiology, Provincial Hospital Affiliated to Shandong First Medical University, Jinan, 
 China
4Department of Medical Imaging, Provincial Hospital Affiliated to Shandong First Medical University, 
 Jinan, China

Quanlin Xu and Xiaobin Ma contributed equally to this work

Corresponding Authors:	 Huaichen Li, MD; e-mail: lihuaichen@163.com; 
	 Shujuan Jiang, MD; e-mail: docjiangshujuan@163.com

A decision tree model to distinguish 
between benign and malignant pulmonary 
nodules on CT scans



Models for distinguishing pulmonary nodules

5693

A decision tree model to distinguish 
between benign and malignant pulmonary 
nodules on CT scans

technology, video-assisted thoracoscopic surgery 
(VATS) for lobectomy is becoming the main-
stream surgical method6. However, the distinction 
between benign and malignant pulmonary nod-
ules based on these features remains very subjec-
tive and prone to errors. As a result, patients may 
end up undergoing invasive biopsies, leading to 
increased healthcare costs and unnecessary anx-
iety. Therefore, new techniques are needed to fa-
cilitate the distinction between benign and malig-
nant pulmonary nodules identified on CT. 

Radiomics uses advanced computational and 
statistical methods to extract a large number of 
features from medical images to detect disease 
and predict treatment outcomes. This technique 
is increasingly being used to characterize pul-
monary nodules7,8. Nevertheless, the use of ra-
diomics to distinguish between benign and 
malignant nodules remains controversial. The 
implementation of artificial intelligence (AI) 
technology based on deep learning in radiology 
is improving diagnostic accuracy, feature detec-
tion, and patient follow-up. However, this system 
is expensive, and a number of primary hospitals 
are unable to be equipped with it. Simpler mod-
els based on clinical and imaging features could 
be used to facilitate the characterization of pul-
monary lesions.

As a result, in this study, we aimed to develop 
a simple decision tree model to characterize pul-
monary nodules identified on CT. 

Patients and Methods

Study Population
All patients who underwent a video-assisted 

thoracoscopic surgery (VATS) lobectomy from 
January 2013 to December 2020 at the Provincial 
Hospital Affiliated with Shandong First Medical 
University were eligible for the study. All patients 
had conclusive postoperative pathological results. 
Patients with pulmonary nodules with a diameter 
greater than 2 cm and unclear borders were ex-
cluded. In addition, patients with extrapulmonary 
tumors or multiple mediastinal lesions confirmed 
by auxiliary examinations were also excluded. 

Ethical Considerations
The study was conducted according to the 

guidelines of the Declaration of Helsinki and ap-
proved by the Ethics Committee of The Provin-
cial Hospital Affiliated with Shandong First Med-
ical University.

Patient Characteristics
The clinical characteristics, including; gender, 

age, occupation, smoking history, drinking his-
tory, and family history, were extracted from the 
patient’s medical records. 

Image Acquisition and Analysis
Two trained radiologists independently inter-

preted the chest CT of each patient. The radiol-
ogists were blinded to the pathological results. 
They were asked to record the nodule features, 
including location, diameters, lobulation, burr, 
boundary, satellite lesions, density (solid, subsol-
id, ground glass), vacuoles/calcifications, vascu-
lar bundle sign, pleural depression sign, medias-
tinal lymph nodes. They also classified solitary 
pulmonary nodules into solid (SN) and subsolid 
nodules (SSN). The SSNs were further classified 
into ground glass nodules (GGNs) and subsolid 
nodules9. In addition, the GNSs were divided into 
indeterminate, high-density opacities showing 
bronchial vascular structures10. 

Statistical Analysis
The Chi-squared (χ2) test was used to compare 

the categorical data, while the Student’s t-test was 
used to compare the continuous data between the 
malignant and benign nodules. Odds ratios (ORs) 
with 95% confidence intervals (CIs) were used to 
estimate the effective size and variability. Univar-
iate analysis was performed to identify the clini-
cal and imaging features that differed significantly 
between the benign and malignant groups. The 
significantly different features were then included 
in the multivariate logistic regression analysis to 
identify the independent risk factors for malignan-
cy. A forest plot was used to illustrate the results 
of the multivariate analysis. The independent risk 
factors were then used to build a decision tree mod-
el to categorize the patients into high, medium, and 
low-risk groups based on clinical and imaging fea-
tures11. Ten-fold cross-validation was used to mini-
mize the risk of overfitting the model.

The area under the curve (AUC) of a receiver 
operating characteristic (ROC) curve was used to 
assess the discriminative power of the decision 
tree model. The one-way analysis of variance 
(ANOVA) and Tamhane’s T2 posthoc analysis 
were used to analyze the AUC. For this analy-
sis, the significance level α was set at 0.001. All 
statistical analyses were performed using the R 
software (available at: https://www.r-project.org), 
version 3.4.3, and a two-sided p-value below 0.05 
was considered statistically significant.
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Results

Clinical and Nodule Characteristics
A total of 1,199 patients with pulmonary nodules 

who underwent a VATS lobectomy were included 
in this study. According to the histopathological 
analysis, 309 (22.27%) nodules were classified as 
benign, and the rest (n=890, 77.73%) were classified 
as malignant. The most common benign nodules 
were related to inflammatory pseudotumor, chronic 
inflammation, and tuberculosis. On the other hand, 
in the malignant group, invasive adenocarcinoma 
was the most common histological subtype. The 
baseline characteristics of the benign and malignant 
groups are summarized in Table I. There were no 
significant differences in gender, age, smoking his-
tory, family history, lung nodule location, boundary, 
calcification sign, and mediastinal lymph node be-
tween the two groups (p>0.05). Conversely, the long 
diameter, short diameter, lobulated sign, burr sign, 
satellite focus, density, vascular convergence sign, 
and pleural indentation sign differed significantly 
between the two groups (p<0.05). The difference in 
drinking history between the two groups was bor-
derline statistically significant (p=0.057) and was, 
therefore, still included in the multivariate logistic 
regression analysis.

Multivariate Logistic Regression 
Analysis-Forest Plot Model

The factors that were found to be significant in 
the univariate logistic regression analysis were in-
cluded in the multivariate logistic regression. Based 
on this analysis, pulmonary satellite lesions (HR: 
0.13, 95% CI 0.03-0.43) were identified as an in-
dependent predictor of benign pulmonary nodules. 
Conversely, the lobulated sign (HR: 1.46, 95% CI 
1.03-2.08), burr sign (HR: 2.11, 95% CI 1.50-2.96), 
density (partial solidity: HR: 5.72, 95% CI 3.91-
8.52; grinding glass: HR: 15.85, 95% CI 9.56-27.29), 
vascular convergence sign (HR: 2.24, 95% CI 1.55-
3.26) and pleural indentation sign (HR: 1.52, 95% 
CI 1.10-2.21) were identified as independent predic-
tors for malignant pulmonary nodules (Figure 1). 
The drinking history and lesion diameters were not 
identified as independent predictors of benign and 
malignant pulmonary nodules (p>0.05). 

Decision Tree Model for Predicting 
Benign and Malignant Pulmonary 
Nodules

Figure 2 represents the final decision tree model 
for the recursive partition analysis used to discrim-
inate between benign and malignant pulmonary 

nodules. The final model consisted of 4 layers and 
5 nodes. The analysis identified density as the most 
important predictor, followed by burr sign, vascu-
lar convergence sign, and drinking history. These 
branch points divided the probability of malignant 
nodules into three risk groups: high, intermediate, 
and low, as shown in Table II. Patients with SSNs 
and ground-glass nodules had an 88.5% probabil-
ity of malignancy, while those with SNs without 
the spicule or vascular cluster sign and no drinking 
history had a malignancy probability of only 30%. 
The final decision tree model achieved an AUC of 
0.746 (95% CI 0.705-0.778), a sensitivity of 0.762, 
and a specificity of 0.799 (Figure 3). 

Discussion

This study evaluated the clinical and CT im-
aging feature differences between benign and 
malignant pulmonary nodules. This analysis was 
then used to establish a decision tree model to 
distinguish between benign and malignant pul-
monary nodules. Our findings identified the nod-
ule density, burr sign, and vascular cluster sign as 
independent risk factors for malignancy. 

Several models have been developed in West-
ern countries to characterize pulmonary nodules, 
including the Mayo Clinic model12, the VA mod-
el13, and the Brock University model14. However, all 
these models have several limitations. The Mayo 
model was developed for the non-Asian North 
American population15. This model achieved an 
AUC of 0.71616, which is lower than that obtained 
in our study and other similar models. The accu-
racy of this model is limited as not all the patients 
included in the study had a conclusive pathologi-
cal result. Those patients with inconclusive results 
were followed up for 2 years and were classified as 
benign if they had no significant change within the 
lesion. Moreover, the model was developed a few 
years ago and was based on plain X-rays. With the 
rapid development of medical imaging, the appli-
cability of this model needs to be further improved. 
98% of the cases included in the VA model were 
males, and almost all patients had a smoking histo-
ry, thus limiting the generalizability of the model. 
The Brock University model achieved high predic-
tion accuracy with an AUC of 0.94. However, this 
model was based on a small dataset obtained from 
the Canadian screening program. Moreover, this 
model also included variables not typically found 
in the Chinese population and, therefore, could not 
be used in our study. 
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Table I. Baseline characteristics of patients.

Variables	 Total	 Benign	 Malignant	 p
	 (n=1,199)	 disease	 tumor
		  (n=309)	  (n=890)	  

Gender, n (%)				    0.421
    F	 627 (52)	 155 (50)	 472 (53)	
    M	 572 (48)	 154 (50)	 418 (47)	
Age, Median (IQR)	 57 (50, 64)	 58 (50, 64)	 57 (50, 64)	 0.597
Smoking history, n (%)				    0.64
    NO	 841 (70)	 213 (69)	 628 (71)	
    YES	 358 (30)	 96 (31)	 262 (29)	
Drinking history, n (%)				    0.057
    NO	 925 (77)	 251 (81)	 674 (76)	
    YES	 274 (23)	 58 (19)	 216 (24)	
Family history, n (%)				    0.895
    0	 1,012 (84)	 261 (84)	 751 (84)	
    1	 156 (13)	 39 (13)	 117 (13)	
    2	 31 (3)	 9 (3)	 22 (2)	
Tumor site, n (%)				    0.447
    Lower left 	 203 (17)	 59 (19)	 144 (16)	
    Lower right 	 258 (22)	 68 (22)	 190 (21)	
    Middle right 	 103 (9)	 29 (9)	 74 (8)	
    Middle left 	 28 (2)	 10 (3)	 18 (2)	
    Upper left 	 252 (21)	 62 (20)	 190 (21)	
    Upper right 	 355 (30)	 81 (26)	 274 (31)	
Long. diameter, Median (IQR)	 1.6 (1.1, 2.2)	 1.4 (1, 2)	 1.7 (1.2, 2.3)	 <0.001
Short diameter, Median (IQR)	 1.3 (0.9, 1.7)	 1.1 (0.8, 1.5)	 1.3 (0.9, 1.8)	 <0.001
Lobulated sign, n (%)				    0.018
    NO	 350 (29)	 107 (35)	 243 (27)	
    YES	 849 (71)	 202 (65)	 647 (73)	
Burr sign, n (%)				    <0.001
    NO 	 678 (57)	 208 (67)	 470 (53)	
    YES	 521 (43)	 101 (33)	 420 (47)	
Boundary, n (%)				    0.855
    NO	 98 (8)	 24 (8)	 74 (8)	
    YES	 1,101 (92)	 285 (92)	 816 (92)	
Satellite Focus, n (%)				    <0.001
    NO 	 1,183 (99)	 296 (96)	 887 (100)	
    YES	 16 (1)	 13 (4)	 3 (0)	
Density, n (%)				    <0.001
    0	 610 (51)	 241 (78)	 369 (41)	
    1	 366 (31)	 44 (14)	 322 (36)	
    2	 223 (19)	 24 (8)	 199 (22)	
Calcification sign, n (%)				    0.866
    NO 	 1,015 (85)	 263 (85)	 752 (84)	
    YES	 184 (15)	 46 (15)	 138 (16)	
Vascular convergence sign, n (%)				    <0.001
    NO	 792 (66)	 251 (81)	 541 (61)	
    YES	 407 (34)	 58 (19)	 349 (39)	
Pleural indentation sign, n (%)				    <0.001
    NO	 524 (44)	 180 (58)	 344 (39)	
    YES	 675 (56)	 129 (42)	 546 (61)	
Mediastinal lymph node, n (%)				    0.125
    NO 	 1,094 (91)	 289 (94)	 805 (90)	
    YES	 105 (9)	 20 (6)	 85 (10)	
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Figure 1. Results of multivariate logistic regression analysis.

Figure 2. Decision tree model for predicting lung nodule properties.

Table II. Classification of the pulmonary nodules into high, medium, and low risk according to the decision tree model.

Risk groups                           Variables

High (70%-100%)
        Subsolid nodules, ground glass nodules
        Completely solid nodule, burr sign
Moderate (50%-69%)
        Completely solid nodule, no burr sign, vascular bundle sign
        Completely solid nodule, no burr sign, no vascular bundle sign, drinking history
Low (<50%)	
        Completely solid nodule, no burr sign, no vascular bundle sign, drinking history
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The model developed by Li et al17 is the only 
model based on Chinese patients. However, when 
compared with our decision tree model, the Li et 
al17 model had a poor prediction accuracy with an 
AUC of 0.698.

Consistent with previous studies16,17, our deci-
sion tree model identified nodule density as the 
most important predictor for malignancy. Zhang 
et al18 conducted a retrospective analysis of 2,016 
nodules and found that the majority (75%) of the 
SSNs were malignant, while only 39% of the 
SNs were malignant. Gould et al19 found that the 
malignant probability of SSN was 5 times high-
er than that of SN. Among the subsolid nodules, 
mixed ground glass nodule (mGGN) had a 63% 
probability of malignancy and higher than pure 
ground-glass nodule (pGGN). Multiple guide-
lines20,21 recommend using different criteria to 
distinguish between SN and SNN in clinical prac-
tice. Transient SSNs are considered inflammatory 
lesions, whereas persistent SSNs are deemed to 
be either preinvasive (atypical adenomatous hy-
perplasia, adenocarcinoma in situ) or malignant.

In our study, the burr sign was found in 90% 
of malignant nodules. Pathologically, the devel-
opment of the spiky sign is associated with in-
creased interlobular interstitial thickness, fibrosis 
due to occlusion of small peripheral vessels, or 
cancerous lymphatic vessels22. Classical predic-
tive models such as the Mayo Clinic model, the 

Brock University model, and the Li et al17 model 
also identified the burr sign as one of the risk fac-
tors for malignant pulmonary nodules.

The vascular cluster sign was first reported in 
1990 by Mori et al23. This pattern occurs when 
multiple small blood vessels converge toward a 
central point. Noguchi et al24 reported that a fi-
brotic reaction is the main mechanism leading to 
the abnormal formation of peripheral small blood 
vessels in malignant GGN. Gao et al25 found that 
lesions with a regular distribution of blood ves-
sels tend to be benign. On the other hand, lesions 
with an abnormal distribution of the blood vessels 
and irregularly shaped boundaries tend to be ma-
lignant. In this study, the malignant group had a 
significantly higher vascular cluster sign rate than 
the benign group.

Limitations
Our prediction model has some limitations 

that have to be acknowledged. The data used to 
construct our model were obtained from a single 
center, thus limiting the generalizability of the 
model. The model was based on 2-dimensional 
(2D) CT data rather than 3-dimensional CT data. 
In addition, some important clinical factors, such 
as tumor markers, could not be retrieved from the 
patient’s medical record. The addition of 3D-CT 
data and other clinical features could improve the 
prediction performance of the model.

Figure 3. ROC of the training decision tree 
model. The model achieved an AUC of 0.746, 
which indicates good prediction accuracy.
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Conclusions

In this study, we developed a decision tree 
model to characterize pulmonary nodules on CT. 
The nodule density, burr sign, and vascular clus-
ter sign were identified as the main clinical risk 
factors for malignancy and were used to develop 
the final decision tree model. Overall, our model 
achieved a higher prediction accuracy than oth-
er models established in the literature. There-
fore our model provides a simple, cost-effective 
method to characterize CT pulmonary nodules 
clinically.
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