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Background: In this study, we aimed to establish and validate a mathematical diagnosis model to 
distinguish benign pulmonary nodules (BPNs) from early non-small cell lung cancer (eNSCLC) based on 
clinical characteristics, radiomics features, and hematological biomarkers. 
Methods: Medical records from 81 patients (27 BPNs, 54 eNSCLC) were used to establish a novel 
mathematical diagnosis model and an additional 61 patients (21 BPNs, 40 eNSCLC) were used to validate 
this new model. To establish a clinical diagnosis model, a least absolute shrinkage and selection operator 
(LASSO) regression was applied to select predictors for eNSCLC, then multivariate logistic regression 
analysis was performed to determine independent predictors of the probability of eNSCLC, and to establish 
a clinical diagnosis model. The diagnostic accuracy and discriminative ability of our model were compared 
with the PKUPH and Mayo models using the following 4 indices: area under the receiver-operating 
characteristics curve (ROC), net reclassification improvement index (NRI), integrated discrimination 
improvement index (IDI), and decision curve analysis (DCA).
Results: Multivariate logistic regression analysis identified age, border, and albumin (ALB) as 
independent diagnostic markers of eNSCLC. In the training cohort, the AUC of our model was 0.740, 
which was larger than the AUCs for the PKUPH model (0.717, P=0.755) and the Mayo model (0.652, 
P=0.275). Compared with the PKUPH and Mayo models, the NRI of our model increased by 3.7% 
(P=0.731) and 27.78% (P=0.008), respectively, while the IDI changed −4.77% (P=0.437) and 11.67% 
(P=0.015), respectively. Moreover, the DCA demonstrated that our model had a higher overall net benefit 
compared to previously published models. Importantly, similar findings were confirmed in the validation 
cohort.
Conclusions: Age, border, and serum ALB levels were independent diagnostic markers of eNSCLC. 
Thus, our model could more accurately distinguish BPNs from eNSCLC and outperformed previously 
published models.
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Introduction

Lung cancer has the highest death rate among all cancers 
and its incidence rate has increased worldwide. Lung cancer 
is mainly divided into small cell lung cancer (SCLC) and 
non-small cell lung cancer (NSCLC), of which NSCLC 
accounts for about 80% to 85% of all lung cancer cases (1).  
Solitary pulmonary nodules (SPNs) are a common 
incidental finding and are early manifestations of lung 
cancer. In addition, pulmonary nodules are increasingly 
detected, because of the increased implementation of 
screening lung cancer-screening programs using low-
dose computed tomography (LDCT). Nevertheless, the 
sensitivity and specificity of LDCT for discriminating 
whether a nodule is a benign pulmonary nodule (BPN) or 
a malignant pulmonary nodule (MPN) are not optimal. 
The National Lung Screening Trial (NLST) reported 
that the rate of positive screening tests was 24.2% with 
LDCT with a false positive rate of 96.4% (2). Moreover, a 
retrospective study showed that only 5% of patients with 
pulmonary nodules identified with LDCT were diagnosed 
with lung cancer, indicating that the false positive rate was 
as high as 95% (3). The high prevalence of false positives 
using LDCT may lead to invasive and high-risk treatment, 
the induction of unwarranted anxiety and excessive cost. 
Therefore, it is clinically imperative to develop novel 
approaches with greater accuracy to aid in monitoring 
individuals with SPNs and allow for the safe and cost-
effectively diagnosis of NSCLC while preventing benign 
growths from unnecessary procedures. 

Serum tumour markers have been introduced into 
numerous clinical assessment tools for evaluating pulmonary 
nodules. In previous studies, it was shown that the 
combined detection of carcino-embryonic antigen (CEA), 
cytokeratin 19 fragment 21-1 (CYFRA21-1) and neuron-
specific enolase (NSE) is an effective way to distinguish 
between benign and malignant SPNs. Furthermore, if the 
model added CYFRA 21-1, it could improve the prediction 
accuracy between the subgroups of benign and malignant 
SPNs (4,5).

In addition, inflammation has been confirmed to 
aid in the proliferation and survival of malignant cells, 
promotes angiogenesis and metastasis, subverts adaptive 

immune responses, and alters responses to hormones 
and chemotherapeutic agents (6). Several lung cancer 
patients exhibit elevated levels of distinct inflammatory 
markers in serum, including C-reactive protein (CRP) (7), 
interleukin (IL)-6, IL-8 (8), serum amyloid A (SAA) (9), 
and lactate dehydrogenase (LDH) (10) suggesting that the 
inflammatory markers could potentially be used as potential 
diagnostic markers for lung cancer. In recent studies, nodule 
radiographic and image characteristics coupled to clinical 
information such as age, smoking history, and hematological 
biomarkers have emerged as one of the main research 
directions to differentiate the BPNs from early-NSCLC 
(eNSCLC) (11,12).

Therefore, in our study, we aimed to establish a new 
tool for the differential diagnosis of eNSCLC based on 
candidate markers of clinical characteristics, radiographic 
image features, and hematological biomarkers, which 
may improve the accuracy of distinguishing benign from 
MPNs. In addition, we compared the diagnostic accuracy 
and the discriminative ability of our model with the Peking 
University People’s Hospital (PKUPH) model (13) and the 
Mayo Clinic model (14). 

We present the following article in accordance with the 
TRIPOD reporting checklist (available at http://dx.doi.
org/10.21037/tlcr-20-460). 

Methods

Patients and methods

We reviewed the medical records from 94 eNSCLC 
and 48 BPNs patients who first visited the Sun Yat-sen 
University Cancer Center (Guangzhou, China) between 
January 2018 and December 2018. Patients were divided 
into a training cohort (Group A) and a validation cohort 
(Group B). A total of 81 patients (27 BPNs, 54 eNSCLC) 
were collected as Group A to create a mathematical 
model for eNSCLC. Another 61 patients (21 BPNs, 
40 eNSCLC) served as Group B to validate this new 
model. All procedures performed in this study were in 
accordance with the Declaration of Helsinki (as revised 
in 2013) and approved by the Ethics Committee of the 
Sun Yat-sen University Cancer Center (registration ID: 
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GZR2018-051). Because of the retrospective nature of 
the research, the requirement for informed consent was 
waived. Inclusion criteria were as follows: (I) patients with 
a definitive benign diagnosis and confirmed pathological 
d i a g n o s i s  o f  N S C L C ,  a n d  T N M  ( t u m o r- n o d e -
metastasis) stage were at stage I or stage II; (II) patients 
with a complete set of clinical data; and (III) patients 
without secondary carcinomas as assessed by computed 
tomography (CT) and ultrasonographic examination. 
Clinical data collected include the age of the patient, 
gender, body mass index (BMI), smoking history, family 
history of cancer, and TNM stage. CT imaging included 
nodule position, diameter, clear border, spiculation, 
and calcification. Biomarkers of blood analysis included 
inflammatory-related factors: albumin (ALB), CRP, LDH, 
SAA, ALB/CRP ratio (ACR), SAA/CRP ratio (SCR), 
white blood cells (WBC), neutrophils (N), lymphocytes 
(L), platelet (PLT), neutrophil-to-lymphocyte ratio (NLR), 
platelet-to-lymphocyte ratio (PLR) and serum tumour 
markers: CEA, CYFRA21-1 and NSE.

Statistical analysis

All statistical analyses were performed using SPSS software, 
version 19.0 (SPSS Inc., Chicago, IL, USA) and R (version 
3.4.4) for Windows. For all clinical characteristics in 
Group A, a least absolute shrinkage and selection operator 
(LASSO) regression was performed to select for the 
probability of eNSCLC. LASSO shrinks all regression 
coefficients towards zero and sets the coefficients of 
many irrelevant features exactly to zero (15). Next, 
multivariate logistic regression analysis was used to identify 
independent predictors of the probability of eNSCLC. A 
mathematical diagnostic model for distinguishing between 
BPNs and eNSCLC was established based on the results 
of the multivariate logistic regression analysis. The model 
calibration was assessed with the Hosmer-Lemeshow 
goodness of fit test (P≥0.10) (16). Receiver-operating 
characteristic (ROC) curve, a graphical technique for 
describing and comparing the accuracy of diagnostic tests, 
was used to evaluate the sensitivity and specificity of the 
mathematical model and to choose its best diagnosis cut-off 
points. Adopting the area under the ROC curve (AUC), net 
reclassification improvement index (NRI) (17), integrated 
discrimination improvement index (IDI) (17) and decision 
curve analysis (DCA) (18) were used to compare the 
diagnostic accuracy and discriminative ability of our model 
to the PKUPH and Mayo models. A larger AUC, NRI and 

IDI indicated a more accurate classification. Subsequently, 
data of the patients in Group B were used to verify the 
accuracy of the model. The difference was considered 
statistically significant when P<0.05.

Results

Patient characteristics

In the training cohort (81 cases), there were 54 cases (66.7%) 
diagnosed as eNSCLC. The other 27 cases (33.3%) were 
diagnosed as BPNs. The average age of patients with 
BPNs and eNSCLC was 56.63±8.46 years and 60.2±10.04 
years, respectively. In the validation cohort, there were 40 
cases (65.6%) of eNSCLC and 21 cases (34.4%) of BPNs. 
The average age of patients with BPNs and eNSCLC was 
57.29±10.51 years and 60.33±10.02 years, respectively. 
The demographic and clinical characteristics of the study 
subjects are presented in Table 1.

LASSO regression and multivariate logistic regression 
analysis

According to the LASSO regression, the potential 
predictors for predicting eNSCLC included age, BMI, 
family history of cancer, nodule diameter, nodule position, 
clear nodule border, calcification, ALB, LDH, ACR, SCR, 
PLR, CEA, CYFRA21-1, and NSE. Multivariate logistic 
regression analysis identified only age, clear nodule border, 
and ALB as independent diagnostic markers of eNSCLC 
(Table 2). 

Model construction

The mathematical model established by logistic regression 
was as follows:

P=ex/(1+ ex), x=−11.02+(0.061× age) +(0.202× ALB) −
(1.452× border), where e is the natural logarithm, age is 
recorded by year; ALB represents the serum ALB level  
(ng/mL) and the border is derived from the imaging report 
(1: yes, 0: no). Calibration by the Hosmer-Lemeshow 
method showed χ2=7.042, P=0.532 (Figure 1). A P value of 
0.7072 was ultimately selected as a cut-off point, P values 
>0.7072 should be considered a malignant disease, and 
P<0.7072 should be considered benign. The sensitivity of 
this model for the training cohort was 66.7%, the specificity 
was 77.8%, the positive predict value (PPV) was 85.7%, and 
the negative predict value (NPV) was 53.8%.
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Table 1 Characteristics of a training cohort and a validation cohort

Characteristics

Training cohort (n=81) Validation cohort (n=61)

BPN (n=27),  
n (%) or mean ± SD

eNSCLC (n=54),  
n (%) or mean ± SD

BPN (n=21), 
n (%) or mean ± SD

eNSCLC (n=40),  
n (%) or mean ± SD

Clinical data

Age (years) 56.63±8.46 60.2±10.04 57.29±10.51 60.33±10.02

Gender 

Female 11 (40.7) 18 (33.3) 6 (28.6) 10 (25.0)

Male 16 (59.3) 36 (66.7) 15 (71.4) 30 (75.0)

BMI 22.79±2.74 23.42±2.99 22.72±1.90 23.23±2.44

Smoking history

Yes 12 (44.4) 28 (51.9) 7 (33.3) 21 (52.5)

No 15 (55.6) 26 (48.1) 14 (66.7) 19 (47.5)

Family history of cancer

Yes 1 (3.7) 11 (20.4) 6 (28.6) 9 (22.5)

No 26 (96.3) 43 (79.6) 15 (71.4) 31 (77.5)

TNM stage

I – 35 (64.8) – 27 (67.5)

II – 19 (35.2) – 13 (32.5)

Image data

Position

LUL 3 (11.1) 15 (27.8) 4 (19.0) 4 (10.0)

LLL 5 (18.5) 6 (11.1) 5 (23.8) 9 (22.5)

RUL 8 (29.6) 16 (29.6) 6 (28.6) 17 (42.5)

RML 0 (0) 3 (5.6) 2 (9.5) 1 (2.5)

RLL 11 (40.7) 14 (25.9) 4 (19.0) 9 (22.5)

Diameter (cm) 2.26±1.57 2.94±1.73 2.15±1.45 2.80±1.69

Clear border

Yes 14 (51.9) 17 (31.5) 12 (57.1) 12 (30.0)

No 13 (48.1) 37 (68.5) 9 (42.9) 28 (70.0)

Spiculation

Yes 12 (44.4) 28 (51.9) 7 (33.3) 16 (40.0)

No 15 (55.6) 26 (48.1) 14 (66.7) 24 (60.0)

Calcification

Yes 3 (11.1) 3(5.6) 4 (19.0) 1 (2.5)

No 24 (88.9) 51(94.4) 17 (81.0) 39 (97.5)

Table 1 (continued)
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Table 1 (continued)

Characteristics

Training cohort (n=81) Validation cohort (n=61)

BPN (n=27),  
n (%) or mean ± SD

eNSCLC (n=54),  
n (%) or mean ± SD

BPN (n=21), 
n (%) or mean ± SD

eNSCLC (n=40),  
n (%) or mean ± SD

Blood data

ALB (g/L) 42.70±4.62 44.07±3.32 43.37±2.87 43.58±2.63

CRP (mg/L) 8.75±22.25 10.32±22.73 7.25±16.02 8.60±14.89

LDH (U/L) 156.77±27.58 174.37±28.08 172.18±40.81 170.40±40.70

SAA (mg/L) 23.94±53.61 31.15±65.16 22.78±50.79 25.48±50.84

ALB/CRP ratio 57.13±51.94 96.17±156.16 71.28±88.89 45.43±56.00

SAA/CRP ratio 5.24±3.64 8.37±10.79 7.37±8.24 4.99±4.28

WBC (109/L) 6.71±1.54 7.42±3.46 7.30±1.69 7.60±2.00

Neutrophil (109/L) 4.07±1.50 4.46±1.93 4.66±1.41 4.78±1.55

Lymphocyte (109/L) 1.98±0.68 2.26±2.59 1.99±0.47 2.05±0.68

Platelet (109/L) 240.48±79.24 287.48±121.93 270.57±64.38 260.95±59.54

NLR 2.36±1.39 2.62±1.75 2.47±1.03 2.51±0.97

PLR 135.53±67.69 161.11±79.10 146.02±60.96 140.48±57.28

CEA (ng/mL) 2.76±1.17 4.79±6.45 7.44±19.36 6.49±10.11

Cyfra21-1 (ng/mL) 3.00±1.40 4.70±4.18 3.51±2.47 4.68±5.99

NSE (ng/mL) 10.20±2.28 11.91±2.14 11.72±2.91 12.45±3.67

BPN, benign pulmonary nodule; eNSCLC, early-NSCLC; SD, standard deviation; BMI, body mass index; TNM, tumor-node-metastasis; 
LUL, left upper lobe; LLL, left lower lobe; RUL, right upper lobe; RML, right middle lobe; RLL, right lower lobe; ALB, albumin; CRP, C-reactive 
protein; LDH, lactate dehydrogenase; SAA, serum amyloid A; WBC, white blood cell; NLR, neutrophil/lymphocyte ratio; PLR, platelet/
lymphocyte ratio; CEA, carcinoembryonic antigen; Cyfra21-1, cytokeratin fragment antigen 21-1; NSE, neuron specific enolase.

Table 2 Multivariate logistic regression analysis

Factor Regression coefficient P value Odds ratio value
95% CI

Lower Upper

Age 0.061 0.031 1.063 1.006 1.123

ALB 0.202 0.009 1.224 1.053 1.423

Border –1.452 0.012 0.234 0.075 0.727

Constant –11.02 0.007 0.000

CI, confidence interval.

Model validation

Data of patients in Group B were used to validate the 
accuracy of the model. The AUC of our model was 0.719 
[95% confidence interval (95% CI): 0.582–0.857]. A P value 

of 0.7072 was used as a cut-off point as determined from 

the model construction from Group A. The sensitivity of 

this model for Group B was 63.4%, and the specificity was 

70.0%, the PPV was 81.3%, and the NPV was 48.3%.
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Comparison of the diagnostic performance of the prediction 
model with the PKUPH model and the Mayo model

Data for the training cohort and validation cohort were 
substituted into the proposed model, PKUPH model, and 
the Mayo model to compare the diagnostic accuracy and 
discriminative ability of determining whether pulmonary 
nodules were benign or malignant using AUC, NRI, IDI, 
and DCA.

In the PKUPH model, the independent factors were 

age, family history of cancer, spiculation, calcification, clear 
nodule border, and tumor diameter. The calculation was 
based on the formula: P=ex/(1+ ex), where x=−4.496+(0.007× 
age) +(0.676× diameter) +(0.736× spiculation) +(1.1267× 
family history of cancer) −(1.615× calcification) −(1.408× 
border). In the Mayo model, the independent factors were 
age, smoking history, cancer history, nodule diameter, 
spiculation, and site in left side. The calculation was based 
on the formula: P=ex/(1+ ex), where x=−6.8272+(0.0391× 
age) +(0.7917× smoking history) +(1.3388× cancer history) 
+(0.1274× diameter) +(1.0407× spiculation) +(0.7838× the 
upper lobe).

The results of our comparisons between the three 
models are presented in Table 3 and the respective ROC 
curves are shown in Figure 2. In the training cohort  
(Figure 2A), the AUC of our model was 0.740, which was 
larger than the AUCs for the PKUPH model (0.717, 
P=0.755) and the Mayo model (0.652, P=0.275). In the 
validation cohort (Figure 2B), the AUC of the three models 
was 0.719, 0.696, and 0.614, respectively. The AUC of our 
model was higher than the other two forecasting models.

Table 4 shows that based on the NRI analysis, our model 
had improved the accuracy of the identification of benign 
and malignant nodules both in the training set (for the 
PKUPH model: NRI 3.7%; 95% CI: −17.44% to 24.84%; 
P=0.731; for the Mayo model: NRI 27.78%; 95% CI: 
7.19% to 48.36%; P=0.008) and in the validation cohort 

Figure 1 Calibration plot of the predictive model from the 
training cohort.
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Table 3 Comparison of the receiver operator characteristic (ROC) curves of three clinical prediction models analyzed in this study

Variable AUC 95% CI P value

Training cohort (Group A)

This study 0.740 0.621–0.859

PKUPH model 0.717 0.595–0.839

Mayo model 0.652 0.524–0.781

This study vs. PKUPH 0.755

This study vs. Mayo 0.275

Validation cohort (Group B)

This study 0.719 0.582–0.857

PKUPH model 0.696 0.556–0.836

Mayo model 0.614 0.452–0.777

This study vs. PKUPH 0.782

This study vs. Mayo 0.314

AUC, area under curve.
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Figure 2 Receiver operating characteristic (ROC) curves to discriminate BPN from eNSCLC for the three clinical prediction models in the 
training cohort (A) and in the validation cohort (B). BPN, benign pulmonary nodule; eNSCLC, early non-small cell lung cancer.
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Table 4 The net reclassification improvement index (NRI) and integrated discrimination improvement index (IDI) were used to assess 
reclassification performance and improvement in discrimination of our proposed clinical prediction model

Variable 
NRI IDI

% 95% CI P value % 95% CI P value

Training cohort (Group A)

This study vs. PKUPH 3.7 −17.44 to 24.84 0.731 −4.77 −16.79 to 7.26 0.437

This study vs. Mayo 27.78 7.19 to 48.36 0.008 11.67 2.31 to 21.03 0.015

Validation cohort (Group B)

This study vs. PKUPH 12.26 −12.11 to 36.64 0.324 −4.55 −16.76 to 7.67 0.466

This study vs. Mayo 20.83 −1.78 to 43.45 0.071 11.13 0.87 to 21.39 0.034

(for the PKUPH model: NRI 12.26%; 95% CI: −12.11% to 
36.64%; P=0.324; for the Mayo model: NRI 20.83%; 95% 
CI: −1.78% to 43.45%; P=0.071). Moreover, IDI analysis 
showed that the discrimination of our model was lower 
than that of the PKUPH model (for the training cohort: 
IDI −4.77%; 95% CI: −16.79% to 7.26%; P=0.437; for the 
validation cohort: IDI −4.55%; 95% CI: −16.76% to 7.67%; 
P=0.466), however, the difference was not significant. The 
discrimination of our model was higher than that of the 
Mayo model (for the training cohort: IDI 11.67%; 95% CI: 
2.31% to 21.03%; P=0.015; for the validation cohort: IDI 
11.13%; 95% CI: 0.87% to 21.39%; P=0.034). By DCA, 
our model had a higher overall net benefit compared to the 
previously published models both in the training cohort and 

validation cohort (Figure 3).

Discussion

In this study, multivariate logistic regression analysis 
identified only age, ALB levels, and nodule border as 
identified as independent predictors for estimating 
eNSCLC in SPNs. Based on these results, a clinical 
prediction model for SPNs was established, which showed 
our clinical prediction model had better diagnostic accuracy 
and discriminatory ability compared to the older models in 
discriminating SPNs.

With increasing patient age, the carcinogenic factors 
give more stimulation to the body and the capability of 
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Figure 3 Decision curve analysis for three clinical prediction models in the training cohort (A) and in the validation cohort (B).
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self-renewal, and repairing somatic cells was gradually 
decreased in humans. Swensen et al. reported that age, 
cigarette-smoking status, history of cancer, nodule diameter, 
spiculation, and upper lobe location of the SPNs were 
independent factors of malignancy and with advanced 
age, the possibility for malignancy of SPNs increased 
significantly (14,19). MPNs tend to form unclear, matte 
border features. An intensely clear border intensely 
predicted the presence of a benign nodules (20). In previous 
studies, it was shown that in 20–30% of malignant tumors, 
the borders were smooth, especially in metastatic tumors. 
Zheng et al. recently reported that ALB levels were new 
independent predictors of malignancy in SPNs (21). In the 
current study, multivariate logistic regression analysis of 
our research showed that age, border and ALB levels were 
independent factors for malignancy of SPNs.

The Mayo model was the most widely used to predict 
malignant SPNs, and the PKUPH model had been recently 
published with claims of superiority over traditional 
models (22,23). Compared to the previous studies, our 
model has the following advantages: first, in this study, 
data on 6 clinical features, 5 CT imaging indices, and 
15 serum biomarkers were collected, which resulted in 
higher specificity and sensitivity compared to using current 
imaging models or biomarkers. Second, it is well known 
that it is a challenge to distinguish BPNs from NSCLC 
(especially early lung cancer). Therefore, we only chose to 
include eNSCLC (stage I or stage II) patients in our study, 
which may allow our results to improve the rate of early 
diagnosis of lung cancer. Third, predictor selection was one 
of the most important steps in downscaling procedures. 
We utilized a LASSO method to select the probability 

of eNSCLC for SPNs. The merits of LASSO include: a. 
a smaller mean squared error (MSE) than conventional 
methods; b. it handled the multi-collinearity problem; and 
c. overall variable selection (24-26). Finally, the diagnostic 
accuracy and discriminative ability of our model were 
compared with the PKUPH model and the Mayo model 
using multiple methods including, AUC, NRI, IDI, and 
DCA, making it the most comprehensive study reported 
to date. The multiple methods used to compare our model 
to the PKUPH model and the Mayo model demonstrated 
that our model outperformed competing models in 
distinguishing eNSCLC from SPNs.

Our study does have some limitations. First, we cannot 
avoid potential selection bias due to the retrospective nature 
of the study. Furthermore, our data were obtained from 
a single center and the sample size was relatively small. 
Therefore, this model needs further studies involving 
multiple center and ample samples to verify our results. In 
addition, circulating miRNAs (c-miRNAs) might be an ideal 
class of biomarkers for blood-based cancer detection. In a 
number of previous studies, it was reported that c-miRNAs 
were able to distinguish with remarkable accuracy lung 
cancer patients from non-cancer subjects with remarkable 
accuracy (27-29). However, the high cost of the detection 
of c-miRNAs prevents this method from being a common 
practice in our cancer center.

Conclusions

In conclusion, the newly proposed model only uses one 
general clinical index (age), one imaging index (border 
of nodule), and a serum marker (ALB level). To our 
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knowledge, our model has better diagnostic accuracy 
and discriminatory ability than the older models in 
discriminating SPNs. Therefore, this model will help 
clinicians to accurately discriminate between benign and 
malignant nodules, and improve the rate of early diagnosis 
of lung cancer. Furthermore, a large-scale clinical study 
will be required to verify the importance and utility of our 
model.
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