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Introduction

Lung cancer is the leading cause of cancer death.1 The sur-
vival rate of lung cancer is low, with a five-year survival rate 
of only 19.4%,2 whereas the five-year overall survival rate 
for patients diagnosed with early-stage lung cancer is about 
80%.3,4 However, most patients with lung cancer do not show 
obvious symptoms in the early stage, so they are less likely to 
be diagnosed early, and most of them are in advanced stage 
or have metastases when they are diagnosed. Therefore, 
early detection is essential to improve the diagnosis rate of 
lung cancer and reduce lung cancer–related mortality.

Lung biopsy is the gold standard for the diagnosis of lung 
cancer, but lung biopsy is an invasive test and the risk of 
invasive procedures cannot be avoided. Existing imaging 
techniques such as computed tomography (CT) have proven 
to be effective in screening high-risk populations for lung 
cancer.3 High-risk patients who underwent CT screening had 
a 20% decrease in lung cancer mortality.3,5 However, CT has 
low specificity and high cost in the detection of lung cancer, 
and the radiation received by repeated scanning will cause 
certain damage to the human body.3,6 The use of biomarkers 
in peripheral blood to predict cancer is a convenient, non-
invasive, and widely accepted method. Tumor markers are 
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and far-reaching significance for early auxiliary 
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molecules secreted by tumor cells or produced by the inter-
action between tumor and host cells during carcinogenesis, 
and their appearance or level changes can reflect the exist-
ence of tumors,7 which is of great significance in the screen-
ing, diagnosis, and therapeutic evaluation of lung cancer. 
However, the sensitivity of tumor markers in patients with 
early lung cancer is inferiority.8 Moreover, no single serum 
tumor marker can be specifically used to detect lung can-
cer.9,10 To improve the early diagnosis rate of lung cancer, it 
is a research hotspot to combine the conventional biological 
indicators and tumor markers in peripheral blood.

At present, artificial intelligence is widely used to assist 
in the diagnosis of cancer. Artificial neural network (ANN) 
is a non-linear and adaptive artificial intelligence method 
for information processing, which is composed of a large 
number of interconnected processing units. It is often used 
to assist diagnosis and monitoring of diseases in medicine. 
The basic ANN structure has three layers: input layer, hid-
den layer, and output layer. The predictive variables at the 
patient level are represented as nodes in the input layer, the 
results of patients are represented as nodes in the output 
layer, and the nodes in the hidden layer contain intermedi-
ate values computed by ANN, and the hidden nodes allow 
the ANN to model the complex relationship between the 
input variables and the outcome.11 There is a study that con-
structed ANN prediction model and compared it with Lung 
Imaging Reporting and Data System (Lung-RADS). It was 
found that the sensitivity of the ANN model for lung cancer 
detection in Asian population was 75.0%, while the sensitiv-
ity of Lung-RADS was only 12.5%. Therefore, it is believed 
that ANN can provide higher sensitivity for lung cancer 
detection in Asian population.12

Therefore, this study uses ANN – multilayer perceptron 
to establish a combined diagnosis model of lung cancer 
based on clinical data, including multiple laboratory indica-
tors and tumor markers, so as to provide a more convenient, 
fast, and cheap detection method for early clinical screening 
and diagnosis of lung cancer, and improve the early diagno-
sis rate of lung cancer.

Materials and methods

Clinical sample collection

The general clinical characteristics (including age and gen-
der) and laboratory indexes (including tumor markers, liver 
function indexes, renal function indexes, electrolytes, blood 
routine indexes, coagulation indexes) of patients diagnosed 
with lung cancer and benign lung diseases in the Affiliated 
Hospital of Southwest Medical University from 2013 to 2021 
were retrospectively collected. A total of 1620 cases were ana-
lyzed according to the inclusion and exclusion criteria, and 
321 cases were included for follow-up analysis. Of these, 221 
cases were lung cancer patients, all confirmed by pathology 
biopsy; 100 cases were patients with benign lung diseases. 
The general clinical characteristics and laboratory indexes 
of 219 healthy people were collected. After analyzing the 
data according to the inclusion and exclusion criteria, 184 
cases were included for follow-up analysis. The three types 
of subjects were divided into three comparison groups: lung 
cancer-benign lung disease group (321 cases), lung cancer-
health group (405 cases), and benign lung disease-health 
group (284 cases) (Figure 1). Non-small cell lung cancer was 
classified into stage I, stage IIA, stage IIB, stage III, and stage 
IV;13 small cell lung cancer (SCLC) was classified into limited 

Figure 1.  Flow chart of diagnosis model construction.
LC-Benign: lung cancer-benign lung disease group; LC-Health: lung cancer-health group; Benign-Health: benign lung disease-health group.
Early stage: lung cancer patients in stage I and stage IIA. Advanced stage: lung cancer patients in stage IIA, stage III, and stage IV.
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and extensive stages. Lung cancer in stage I, stage IIA, and 
limited stage was classified as early-stage lung cancer (37 
cases), and the rest were classified as advanced-stage lung 
cancer (184 cases) (Figure 1). The screening of indicators and 
the establishment of diagnostic prediction models were per-
formed separately within each comparison group.

Inclusion and exclusion criteria

Cases of lung cancer: cases with a confirmed diagno-
sis of lung cancer by pathological biopsy were included; 
cases with other cancers or a history of other cancers were 
excluded; cases that had been treated were excluded; and 
cases with incomplete data were excluded. Cases of benign 
lung disease: cases with confirmed benign lung disease were 
included; cases with a history of lung cancer or other can-
cers were excluded; cases with suspected lung cancer were 
excluded; and cases with incomplete data were excluded. 
Healthy individuals: cases that did not suggest a lung mass, 
nodules, and other suspected lung lesions by X-ray or CT 
examination and have no history of cancer were included; 
cases with incomplete data were excluded.

Statistical analysis

Data analysis and graphing were performed using Statistical 
Product and Service Solutions 26.0. Normally distributed 
measures were described using X ± SD, and non-normally 
distributed measures were described using median and inter-
quartile range. Numeration data are described using frequency 
(percentage). The UNIFORM function was used to generate 
random values. The data of lung cancer patients, benign lung 
disease patients, and healthy subjects were randomly divided 
into training set and validation set with the ratio of training 
set / validation set = 7 / 3 using random values. Spearman 
correlation analysis was used for bivariate correlation test-
ing. Independent sample t-test was used for comparison of 
normally distributed measurement data between groups. The 
Mann–Whitney non-parametric test was used for comparison 
of skewed distribution measurement data between groups. A 
chi-square test was used for comparison of numeration data 
between groups. In all analyses, a value P < 0.05 was consid-
ered to be statistically significant. ANN – multilayer percep-
tron was used to establish lung cancer diagnosis prediction 
models. The receiver operating characteristic (ROC) curve 
was drawn and the area under the curve (AUC) was calcu-
lated to compare the diagnostic prediction models.

Model construction

The samples are split according to the ratio of 7:3 between 
the training set and the test set; the architecture is taken as 
custom; two layers are specified for the hidden layer and a 
hyperbolic tangent activation function is used; the number 
of units is calculated automatically in the hidden layer; the 
sigmoid function is selected for the activation function of the 
output layer; the training type is processed using batches; 
the standard conjugate gradient optimization algorithm is 
used; the predicted values are saved, and the final synaptic 
weight estimates are exported to XML file to determine the 

neural network model. The models’ data is also exported 
(Supplemental Figures 1-10).

Results

Analysis of general clinical characteristics of 
subjects

Table 1 shows the general clinical characteristics of all sam-
ples. The average age of patients with lung cancer was higher 
than that of patients with benign lung disease and healthy 
people, and the difference was statistically significant 
(P < 0.05). The average age of patients with benign lung dis-
eases was higher than that of healthy people (P < 0.05). The 
proportion of males in patients with lung cancer and benign 
lung diseases was higher than that of females (P < 0.05), and 
the difference was statistically significant. There was no 
significant difference in gender distribution among healthy 
people (P > 0.05).

Analysis of correlation between indexes and the 
risk of lung cancer or benign lung disease

In the lung cancer-benign lung disease comparison group, 
three tumor markers (carcinoembryonic antigen [CEA], 
neuron-specific enolase [NSE], and carbohydrate antigen 
153 [CA153]), carbon dioxide (CO2), and thrombin time (TT) 
were associated with an increased risk of lung cancer. The 
correlation coefficients were 0.314, 0.391, 0.207, 0.239, and 
0.203, respectively. In the lung cancer-health comparison 
group, 28 indicators were associated with the risk of lung 
cancer. Among them, age, CEA, NSE, carbohydrate antigen 
125 (CA125), CA153, globulin (GLO), r-glutamyl transferase 
(GGT), alkaline phosphatase (ALP), white blood cell (WBC), 
neutrophil (NEU), monocyte (MONO), neutrophil rate 
(NEU-R), monocyte rate (MONO-R), red blood cell volume 
distribution width standard deviation (RDW-SD), and red 
blood cell volume distribution width coefficient of variation 
(RDW-CV) were associated with the increased risk of lung 
cancer. There was a strong correlation between age (r = 0.701), 
NEU (r = 0.577), CA125 (r = 0.569), and the increased risk of 
lung cancer. In the benign lung disease-health comparison 
group, 25 indicators were associated with the risk of benign 
lung disease, of which 11 were positively correlated (age, 
CEA, CA125, GLO, GGT, ALP, WBC, NEU, MONO, NEU-
R, and RDW-CV). NEU-R (r = 0.636), NEU (r = 0.595), and 
CA125 (r = 0.550) were strongly correlated with the increased 
risk of benign lung diseases (Table 2).

Table 1.  Analysis of general clinical characteristics of serum samples.

Study population  Gender P value Age

Man Woman

Lung cancer 173 (78.3%) 48 (21.7%) 0.000 62.89 ± 10.05*△

Benign 69 (69.0%) 31 (31.0%) 0.000 58.34 ± 15.05*

Health 94 (51.1%) 90 (48.9%) 0.768 43.49 ± 8.91

Compared with healthy people, *P < 0.05; compared with patients with benign 
lung disease, △P < 0.05. Lung cancer: patients with lung cancer. Benign: 
patients with benign lung disease. Health: healthy people.
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Differential analysis of laboratory indicators in lung 
cancer or benign lung disease

Differential analysis was performed using indicators related 
to the risk of lung cancer or benign lung disease to screen for 
indicators for identification. In the lung cancer-benign lung 

disease group, the serum levels of five indicators related to 
the risk of lung cancer were significantly different between 
lung cancer patients and benign lung disease patients 
(P < 0.05). In the lung cancer-health group, 28 indicators 
related to the risk of lung cancer were significantly different 

Table 2.  Indicators associated with the risk of lung cancer or benign lung disease.

Index LC-Benign LC-Health Benign-Health

Training set 
(N = 225)

Validation set 
(N = 96)

Training set 
(N = 284)

Validation set 
(N = 121)

Training set 
(N = 199)

Validation set 
(N = 85)

Age 0.184* 0.111 0.741* 0.701* 0.492** 0.526**
CEA (ng/mL) 0.299* 0.314* 0.605* 0.501* 0.353** 0.226**
NSE (ng/mL) 0.408* 0.391* 0.479* 0.517* −0.012 -
CA125 (U/mL) 0.145* 0.051 0.614* 0.569* 0.476** 0.550**
CA153 (U/mL) 0.197* 0.207* 0.340* 0.278* 0.112 -
CA724 (IU/mL) −0.025 - −0.139* 0.012 −0.136 -
AST/ALT 0.025 - 0.144* 0.156 0.118 -
TP (g/L) 0.092 - −0.129* −0.161 −0.227** −0.220**
ALB (g/L) 0.024 - −0.641* −0.587* −0.614** −0.601**
GLO (g/L) 0.099 - 0.408* 0.348* 0.289** 0.397**
AGR −0.064 - −0.624* −0.571* −0.585** −0.593**
TBIL (μmol/L) −0.083 - −0.457* −0.416* −0.348** −0.108
DBIL (μmol/L) −0.006 - −0.241* −0.146 −0.201** 0.026
IBIL (μmol/L) −0.080 - −0.506* −0.479* −0.423** −0.255**
GGT (U/L) −0.032 - 0.330* 0.277* 0.346** 0.326**
ALP (U/L) 0.184* 0.055 0.491* 0.273* 0.299** 0.236**
Urea (mmol/L) 0.053 - 0.226* 0.080 0.157** 0.071
UA (μmol/L) 0.166* 0.065 −0.141* −0.135 −0.305** −0.216**
WBC (109/L) −0.110 - 0.389* 0.479* 0.498** 0.529**
NEU (109/L) −0.093 - 0.476* 0.577* 0.547** 0.595**
LYM (109/L) 0.012 - −0.430* −0.418* −0.364** −0.491**
MONO (109/L) −0.073 - 0.539* 0.524* 0.537** 0.505**
NEU-R (%) −0.061 - 0.534* 0.549* 0.515** 0.636**
LYM-R (%) 0.109 - −0.626* −0.627* −0.620** −0.698**
MONO-R (%) 0.012 - 0.293* 0.229* 0.250** 0.181
EOS-R (%) 0.059 - −0.160* −0.035 −0.209** −0.265**
BASO-R (%) −0.011 - −0.294* −0.360* −0.299** −0.332**
RBC (1012/L) −0.086 - −0.440* −0.361* −0.299** −0.273**
HGB (g/L) −0.059 - −0.471* −0.353* −0.368** −0.260**
HCT −0.082 - −0.503* −0.385* −0.376** −0.315**
MCV (fL) −0.073 - −0.255* −0.168 −0.156** −0.130
MCH (pg) −0.056 - −0.241* −0.118 −0.180** −0.102
MCHC (g/L) 0.088 - −0.062 - −0.154** 0.115
RDW-SD (fL) 0.193* 0.170 0.339* 0.283* 0.088 -
RDW-CV (%) 0.003 - 0.260* 0.243* 0.213** 0.268**
MPV (fL) 0.243* 0.123 −0.128* −0.208* −0.374** −0.367**
PDW (%) −0.090 - −0.244* −0.309* −0.175** −0.192
P-LCR (%) 0.220* 0.102 −0.151* −0.228* −0.367** −0.374**
K+ (mmol/L) 0.206* 0.033 - - - -
Cl− (mmol/L) −0.190* −0.130 - - - -
CO2 (mmol/L) 0.258* 0.239* - - - -
TT (s) 0.294* 0.203* - - - -

LC-Benign: lung cancer-benign lung disease group. LC-Health: lung cancer-health group. Benign-Health: benign lung disease-health group. *The association with the 
risk of lung cancer is not caused by random errors (P < 0.05). **The association with the risk of benign lung disease is not caused by random errors (P < 0.05). CEA: 
carcinoembryonic antigen; NSE: neuron-specific enolase; CA125: carbohydrate antigen 125; CA153: carbohydrate antigen 153; CA724: carbohydrate antigen 724; 
AST: aspartate aminotransferase; ALT: alanine aminotransferase; TP: total protein; ALB: albumin; GLO: globulin; AGR: albumin/globulin ratio; TBIL: total bilirubin; DBIL: 
direct bilirubin; IBIL: indirect bilirubin; GGT: r-glutamyl transferase; ALP: alkaline phosphatase; UA: uric acid; WBC: white blood cell; NEU: neutrophil; LYM: lymphocyte; 
MONO: monocyte; NEU-R: neutrophil rate; LYM-R: lymphocyte rate; MONO-R: monocyte rate; EOS-R: eosinophil rate; BASO-R: basophil rate; RBC: red blood cell; 
HGB: hemoglobin; HCT: red blood cell hematocrit; MCV: mean volume of red blood cells; MCH: mean hemoglobin of red blood cells; MCHC: mean hemoglobin 
concentration of red blood cells; RDW-SD: red blood cell volume distribution width standard deviation; RDW-CV: red blood cell volume distribution width coefficient of 
variation; MPV: mean platelet volume; PDW: platelet volume distribution width; P-LCR: large platelet ratio; K+: potassium ion; Cl−: chloride ion; CO2: carbon dioxide; TT: 
thrombin time.
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between lung cancer and healthy people (P < 0.05). In the 
benign lung disease-health group, 25 indicators related to the 
risk of benign lung disease were different between patients 
with benign lung disease and healthy people, and the dif-
ference was statistically significant (P < 0.05). It shows that 
these indicators are valuable for the diagnosis of lung cancer 

or benign lung diseases and can be included in the establish-
ment of diagnostic prediction models (Tables 3 to 5).

Establishment and evaluation of diagnostic 
prediction model

In the lung cancer-benign lung disease group, five indicators 
were used to establish a diagnostic prediction model. The 
AUC of the model was 0.848; the sensitivity and specificity 
were 85.5% and 76.0%, respectively; and the Youden index 
was 0.615. In the lung cancer-health group, a diagnostic pre-
diction model was established using 28 indicators. The AUC 
of the model was 0.989; the sensitivity and specificity were 
97.7% and 94.6%, respectively; and the Youden index was 
0.923. The benign lung disease-health group used 25 indica-
tors to establish a diagnostic prediction model. The AUC 
of the model was 0.949; the sensitivity and specificity were 
90.0% and 93.5%, respectively; and the Youden index was 
0.835. The AUC of the three combined diagnostic predic-
tion models was higher than that of the model using only 
tumor markers (0.799, 0.941, and 0.830), and the difference 
in the lung cancer-health group and the benign lung disease-
health group was statistically significant (P < 0.05) (Figure 2). 
It shows that the diagnostic prediction model established by 

Table 3.  Valuable indicators for the diagnosis of lung cancer in lung 
cancer-benign lung disease group.

Index Lung cancer Benign P value

CEA (ng/mL) 5.39 (2.65, 30.32) 3.03 (2.23, 4.71) 0.002
NSE (ng/mL) 5.57 (3.60, 11.17) 3.20 (2.66, 4.52) 0.000
CA153 (U/mL) 15.88 (11.10, 23.91) 13.67 (8.91, 18.20) 0.044
CO2 (mmol/L) 26.89 ± 3.07 25.15 ± 2.95 0.011
TT (s) 16.70 (15.90, 17.83) 16.15 (15.60, 17.10) 0.048

Lung cancer: patients with lung cancer. Benign: patients with benign lung 
disease. CEA: carcinoembryonic antigen. NSE: neuron-specific enolase. CA153: 
carbohydrate antigen 153. CO2: carbon dioxide. TT: thrombin time.

Table 4.  Valuable indicators for the diagnosis of lung cancer in lung 
cancer-health group.

Index Lung cancer Health P value

Age 62.14 ± 10.32 44.07 ± 8.72 0.000
CEA (ng/mL) 5.39 (2.65, 30.32) 2.35 (1.63, 3.59) 0.000
NSE (ng/mL) 5.57 (3.60, 11.17) 3.17 (2.66, 3.89) 0.000
CA125 (U/mL) 27.58 (10.66, 61.33) 7.56 (5.26, 11.23) 0.000
CA153 (U/mL) 15.88 (11.10, 23.91) 11.26 (9.8, 17.49) 0.002
ALB (g/L) 41.30 (38.10, 44.05) 45.96 ± 2.96 0.000
GLO (g/L) 28.75 (26.00, 31.15) 26.14 ± 3.61 0.000
AGR 1.44 ± 0.34 1.79 (1.64, 1.92) 0.000
TBIL (μmol/L) 10.35 (7.60, 13.65) 14.30 (11.70, 18.80) 0.000
IBIL (μmol/L) 6.55 (4.58, 9.63) 10.60 (8.50, 13.80) 0.000
GGT (U/L) 38.25 (23.85, 60.85) 25.30 (12.70, 44.60) 0.002
ALP (U/L) 89.10 (73.20, 116.73) 77.00 (61.90, 89.10) 0.003
WBC (109/L) 7.55 (6.04, 9.88) 5.48 (4.90, 6.93) 0.000
NEU (109/L) 5.51 (3.94, 7.29) 3.09 (2.63, 3.81) 0.000
LYM (109/L) 1.30 (0.89, 1.66) 1.84 (1.47, 2.16) 0.000
MONO (109/L) 0.54 (0.40, 0.70) 0.34 (0.26, 0.42) 0.000
NEU-R (%) 72.5 (62.33, 79.80) 58.21 ± 9.49 0.000
LYM-R (%) 16.10 (11.93, 25.55) 33.06 ± 8.96 0.000
MONO-R (%) 6.90 (5.50, 8.53) 5.80 (5.00, 7.20) 0.012
BASO-R (%) 0.30 (0.20, 0.50) 0.50 (0.30, 0.60) 0.000
RBC (1012/L) 4.39 ± 0.65 4.82 ± 0.55 0.000
HGB (g/L) 129.85 ± 19.57 143.60 ± 19.86 0.000
HCT 0.39 (0.37, 0.44) 0.44 (0.41, 0.48) 0.000
RDW-SD (fL) 43.90 (41.78, 47.80) 42.18 ± 2.93 0.002
RDW-CV (%) 13.70 (12.98, 14.55) 13.10 (12.70, 13.60) 0.008
MPV (fL) 9.70 (9.08, 11.05) 10.63 ± 1.37 0.023
PDW (%) 16.00 (14.58, 16.30) 16.20 (15.80, 16.60) 0.001
P-LCR (%) 24.10 (19.18, 34.55) 31.01 ± 9.37 0.013

Lung cancer: patients with lung cancer. Health: healthy people. CEA: 
carcinoembryonic antigen; NSE: neuron-specific enolase; CA125: carbohydrate 
antigen 125; CA153: carbohydrate antigen 153; ALB: albumin; GLO: globulin; 
AGR: albumin/globulin ratio; TBIL: total bilirubin; IBIL: indirect bilirubin; GGT: 
r-glutamyl transferase; ALP: alkaline phosphatase; WBC: white blood cell; NEU: 
neutrophil; LYM: lymphocyte; MONO: monocyte; NEU-R: neutrophil rate; LYM-R: 
lymphocyte rate; MONO-R: monocyte rate; BASO-R: basophil rate; RBC: red 
blood cell; HGB: hemoglobin; HCT: red blood cell hematocrit; RDW-SD: red 
blood cell volume distribution width standard deviation; RDW-CV: red blood cell 
volume distribution width coefficient of variation; MPV: mean platelet volume; 
PDW: platelet volume distribution width; P-LCR: large platelet ratio.

Table 5.  Valuable indicators for the diagnosis of benign lung disease in 
benign lung disease-health group.

Index Benign Health P value

Age 62.14 ± 10.32 44.07 ± 8.72 0.000
CEA (ng/mL) 5.39 (2.65, 30.32) 2.35 (1.63, 3.59) 0.039
CA125 (U/mL) 20.68 (11.06, 50.09) 7.56 (5.26, 11.23) 0.000
TP (g/L) 68.98 ± 6.88 72.09 ± 3.82 0.027
ALB (g/L) 40.00 (35.43, 43.78) 45.96 ± 2.96 0.000
GLO (g/L) 29.89 ± 5.27 26.14 ± 3.61 0.001
AGR 1.36 ± 0.38 1.79 (1.64, 1.92) 0.000
IBIL (μmol/L) 8.40 (5.18, 11.60) 10.60 (8.50, 13.80) 0.019
GGT (U/L) 38.30 (24.78, 85.60) 25.30 (12.70, 44.60) 0.003
ALP (U/L) 86.95 (70.58, 98.98) 77.00 (61.90, 89.10) 0.030
UA (μmol/L) 307.89 ± 101.25 260.50 ± 97.99 0.022
WBC (109/L) 9.22 (7.09, 11.55) 5.48 (4.90, 6.93) 0.000
NEU (109/L) 6.94 (5.03, 9.15) 3.09 (2.63, 3.81) 0.000
LYM (109/L) 1.25 ± 0.57 1.84 (1.47, 2.16) 0.000
MONO (109/L) 0.65 ± 0.33 0.34 (0.26, 0.42) 0.000
NEU-R (%) 76.21 ± 12.19 58.21 ± 9.49 0.000
LYM-R (%) 14.74 ± 8.52 33.06 ± 8.96 0.000
EOS-R (%) 0.90 (0.58, 2.33) 1.80 (1.00, 2.70) 0.015
BASO-R (%) 0.30 (0.20, 0.53) 0.50 (0.30, 0.60) 0.002
RBC (1012/L) 4.30 ± 0.95 4.82 ± 0.55 0.008
HGB (g/L) 128.17 ± 29.62 143.60 ± 19.86 0.017
HCT 0.39 ± 0.86 0.44 (0.41, 0.48) 0.004
RDW-CV (%) 13.60 (13.10, 14.55) 13.10 (12.70, 13.60) 0.014
MPV (fL) 9.60 ± 1.07 10.63 ± 1.37 0.001
P-LCR (%) 23.76 ± 7.33 31.01 ± 9.37 0.000

Benign: patients with benign lung disease. Health: healthy people. CEA: 
carcinoembryonic antigen; CA125: carbohydrate antigen 125; TP: total protein; 
ALB: albumin; GLO: globulin; AGR: albumin/globulin ratio; IBIL: indirect bilirubin; 
GGT: r-glutamyl transferase; ALP: alkaline phosphatase; UA: uric acid; WBC: 
white blood cell; NEU: neutrophil; LYM: lymphocyte; MONO: monocyte; NEU-R: 
neutrophil rate; LYM-R: lymphocyte rate; EOS-R: eosinophil rate; BASO-R: 
basophil rate; RBC: red blood cell; HGB: hemoglobin; HCT: red blood cell 
hematocrit; RDW-CV: red blood cell volume distribution width coefficient of 
variation; MPV: mean platelet volume; P-LCR: large platelet ratio.
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combining conventional laboratory indicators and tumor 
markers has better performance in the diagnosis of lung can-
cer than the prediction model established by using tumor 
markers alone (Table 6).

Diagnostic model of early-stage lung cancer

In the early-stage lung cancer-benign lung disease group, 
16 indicators (CEA, NSE, uric acid [UA], CO2, WBC, NEU, 
NEU-R, lymphocyte rate [LYM-R], eosinophil rate [EOS-R], 

Figure 2.  ROC curve of five diagnostic models. (a) ROC curve of the diagnostic model of lung cancer-benign lung disease group; (b) ROC curve of the diagnostic 
model of lung cancer-health group; (c) ROC curve of the diagnostic model of benign lung disease-health group; (d) ROC curve of the diagnostic model of early-stage 
lung cancer-benign lung disease group; (e) ROC curve of the diagnostic model of early-stage lung cancer-health group.
ROC: receiver operating characteristic; LC-Benign: lung cancer-benign lung disease group; LC-Health: lung cancer-health group; Benign-Health: benign lung disease-
health group; LC (early stage)-Benign: early-stage lung cancer-benign lung disease group; LC (early stage)-Health: early-stage lung cancer-health group.
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mean hemoglobin concentration of red blood cells [MCHC], 
RDW-SD, mean platelet volume [MPV], large platelet ratio 
[P-LCR], prothrombin time [PT], prothrombin time activ-
ity [PT-%], and TT) were associated with early-stage lung 
cancer. Moreover, the levels of these 16 indicators were sig-
nificantly different between early-stage lung cancer and 
benign lung disease patients. Then, use them to establish 
a diagnostic prediction model. The AUC of the model was 
0.841 (Figure 2); the sensitivity and specificity were 83.8% 
and 76.0%, respectively; and the Youden index was 0.598. 
In the early-stage lung cancer-health group, 26 indicators 
were associated with early-stage lung cancer. Among them, 
25 indicators (age, CEA, NSE, CA125, carbohydrate antigen 
724 [CA724], albumin [ALB], GLO, albumin to globulin ratio 
[AGR], total bilirubin [TBIL], direct bilirubin [DBIL], indi-
rect bilirubin [IBIL], GGT, ALP, urea, WBC, NEU, lympho-
cyte [LYM], MONO, NEU-R, LYM-R, MONO-R, red blood 
cell [RBC], hemoglobin [HGB], red blood cell hematocrit 
[HCT], and RDW-SD) were significantly different between 
early-stage lung cancer and healthy people. The AUC of the 
model was 0.976 (Figure 2); the sensitivity and specificity 
were 94.6% and 97.8%, respectively; and the Youden index 
was 0.924 (Table 6). Both models have good diagnostic effi-
cacy for differentiating early-stage lung cancer from healthy 
individuals and patients with benign lung disease.

Discussion

The construction of a marker model for predicting lung 
cancer plays a significant role in the occurrence and devel-
opment of the disease.14 In this study, three diagnostic pre-
diction models were established by combining conventional 
laboratory indicators and serum tumor markers using ANN, 
and their risk prediction performance was better than that of 
the model using only tumor markers.

Increasing age, smoking history, occupational exposure 
history, and family history of lung cancer are considered to 
be risk factors for lung cancer.15 It has been found that the 
risk of lung cancer increases significantly with age.16 In this 
study, the age distribution of lung cancer cases and benign 
lung disease cases was significantly different in the over-
all and training sets (P < 0.05), but there was no significant 
correlation between age and the risk of lung cancer in the 

validation set, so age was not included in the establishment 
of the prediction model for the lung cancer-benign lung dis-
ease group, which does not mean that age cannot be used to 
identify benign and malignant lung diseases, and the sample 
size will be expanded for further verification in the future. In 
the comparison between healthy people and patients with 
lung cancer or benign lung disease, age was significantly 
positively correlated with the risk of lung disease and had 
significant differences (P < 0.05), and the age of healthy peo-
ple was significantly lower than the other two groups, so we 
think age is a risk factor for lung disease, but it still needs to 
be considered in combination with other clinical features. 
Globally, men are more than twice as likely as women to be 
diagnosed with and die from lung cancer, but this may be 
related to the fact that men are more likely to smoke than 
women.17 And epidemiological studies also have identified 
an association between smoking and an increased risk of lung 
cancer.18 In addition, hormonal differences between men and 
women may be associated with the risk of lung cancer.17

CEA is a glycoprotein complex that is expressed and 
released in various cancers. CEA is increased in colorectal 
cancer, breast cancer, lung cancer, thyroid cancer, and other 
cancers. It is usually absent or low in the blood of healthy 
adults and is considered to be associated with poor prog-
nosis of tumors.19–24 CEA may also be elevated in various 
benign diseases, such as obstructive pulmonary disease, 
hepatitis, and pancreatitis.23 NSE is the main enolase isoen-
zyme in neurons and neuroendocrine tissues, and its serum 
level is often elevated in diseases with neuronal damage.25 
SCLC is an aggressive neuroendocrine tumor. Currently, 
NSE is considered a reliable tumor marker for the diagnosis 
of SCLC26 and has certain significance for the initial screen-
ing of lung cancer. CA125 is a transmembrane glycopro-
tein with increased expression in a variety of pathological 
states, such as lung and ovarian cancer; however, the level of 
CA125 is also elevated during menstruation and early preg-
nancy.27–29 CA153 is a variant glycoprotein on the surface 
of breast cells. It was found that the serum level of CA153 
was significantly higher in patients with breast cancer than 
in patients with benign breast lesions.7 In this study, CEA 
and NSE were both positively correlated with benign and 
malignant lung lesions. We suggest that elevated serum lev-
els of CEA or NSE may reflect a higher risk of benign lung 

Table 6.  Discriminant analysis of diagnostic models.

Group Model AUC P value Sensitivity (%) Specificity (%) Youden index Accuracy (%)

LC-Benign Multi-indexes 0.848 0.149 85.5 76.0 0.615 82.8
Tumor markers 0.799 62.0 88.0 0.500 80.0

LC-Health Multi-indexes 0.989 0.000 97.7 94.6 0.923 96.2
Tumor markers 0.941 81.9 96.7 0.786 89.4

Benign-Health Multi-indexes 0.949 0.000 90.0 93.5 0.835 93.3
Tumor markers 0.830 73.0 89.1 0.621 84.4

LC (early 
stage)-Benign

Multi-indexes 0.841 0.000 83.8 76.0 0.598 82.6
Tumor markers 0.661 73.0 55.0 0.280 77.1

LC (early 
stage)-Health

Multi-indexes 0.976 0.004 94.6 97.8 0.924 96.4
Tumor markers 0.850 67.6 92.4 0.600 92.9

LC-Benign: lung cancer-benign lung disease group. LC-Health: lung cancer-health group. Benign-Health: benign lung disease-health group. LC (early stage)-Benign: 
early-stage lung cancer-benign lung disease group. LC (early stage)-Health: early-stage lung cancer-health group. Multi-indexes: diagnostic model constructed by 
combining laboratory parameters with tumor markers. Tumor markers: diagnostic model constructed using only tumor markers. AUC: area under the curve.
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disease or even lung cancer. CEA, CA125, NSE, and CA153 
were differentially expressed in patients with lung cancer, 
patients with benign lung disease, and healthy individuals 
(P < 0.05) and were therefore included in the development of 
the diagnostic model.

ALB and GLO are the main components of serum proteins. 
ALB is produced by the liver and reflects the nutritional sta-
tus of the body; GLO is calculated from a formula (total serum 
protein minus ALB) and has been shown to be associated with 
immunity and chronic inflammation.30 Hypoalbuminemia is 
an independent risk factor for survival in several cancers, 
and all types of GLOs produced by chronic inflammation 
can promote tumor development.31 In this study, serum ALB 
was negatively correlated with the risk of lung cancer or 
benign lung disease, and the level of ALB was significantly 
higher in healthy individuals than in patients with lung can-
cer or benign lung disease, and the difference was significant 
(P < 0.05). There was a positive correlation between GLO and 
the risk of lung cancer or benign lung disease, with healthy 
individuals having lower GLO levels than the other two 
groups of patients, and the difference was statistically signifi-
cant (P < 0.05). Serum levels of ALB and GLO are susceptible 
to interference by several factors, but a low level of AGR is a 
valuable predictor of long-term mortality in lung adenocar-
cinoma.30 A negative correlation between AGR and the risk 
of lung cancer or benign lung disease was observed in this 
study, with a significant difference between healthy individu-
als and the other two groups of patients (P < 0.05). GGT is 
distributed on the cell membrane and is most abundant in the 
kidney, followed by the pancreas, liver, and lung. Persistently 
elevated levels of GGT may reflect chronic inflammation 
and oxidative stress, which are risk factors for cancer.32,33  
Recurrent elevations in GGT have been found to be associ-
ated with a higher risk of respiratory cancers.32 In this study, 
the levels of GGT and ALP were higher in patients with lung 
cancer or benign lung disease than in healthy subjects, with 
statistically significant differences (P < 0.05), which is consist-
ent with previous studies.32,34 Due to its anti-inflammatory 
and antioxidant properties, bilirubin may have a protective 
effect against the development of several chronic diseases, 
including cancer.35 In this study, we found a negative asso-
ciation between total serum bilirubin, IBIL, and the risk of 
lung cancer, with significantly lower serum levels of total 
and indirect bilirubin in lung cancer patients than in healthy 
subjects (P < 0.05), which is consistent with the findings of 
existing studies.36,37

The relationship between serum UA levels and the risk 
of cancers is more complex. UA has both antioxidant and 
pro-oxidant effects, so its role in different cancers is contra-
dictory. High UA levels may be positively associated with an 
increased risk of colorectal cancer in women.38 Studies have 
also shown a negative correlation between UA and the risk 
of lung cancer in men.39 In the results of this study, there was 
a negative correlation between UA and the risk of benign 
lung diseases in healthy people. The difference in serum UA 
levels between the two groups was statistically significant 
(P < 0.05). The correlation between UA and the risk of lung 
cancer was not statistically significant in this study (P > 0.05); 
the relationship between them needs further study.

Chronic inflammation is a risk factor for cancer.40 The 
results of this study showed that total WBC and NEU were 
positively correlated with the risk of lung cancer or benign 
lung disease. The levels of WBC or NEU in the two types of 
patients were significantly higher than those in healthy peo-
ple (P < 0.05). LYM was negatively correlated with the risk 
of lung cancer or benign lung disease. LYM in patients with 
lung cancer or benign lung disease was lower than that in 
healthy people (P < 0.05). WBC can be divided into granulo-
cytes (including NEU, eosinophils, and basophils), MONO, 
and LYM according to their morphology, function, and 
source. When there is an inflammatory response in the body, 
the level of WBC in the blood is usually elevated. Studies 
have found that increased total WBC levels are associated 
with an increased risk of lung cancer, and this relationship 
is mainly mediated by NEU.41 The antibodies secreted by 
LYM can regulate cancer cells and activate the complement 
cascade, thereby inducing tumor death.42 MONO has both 
pro-inflammatory and anti-inflammatory properties and 
has an inhibitory or promotional effect on tumors, which 
depends on the type of cancer.43,44 Studies have found that 
MONO in peripheral blood of lung cancer patients increased 
significantly.45 These are consistent with the results of our 
findings. The RDW is a parameter that reflects the volumet-
ric heterogeneity of RBC and indicates the variability of the 
size of RBC in the blood. RDW is associated with multiple 
inflammatory markers, and this relationship suggests that 
the tumor-mediated inflammatory microenvironment can 
lead to increased RDW expression.46 RBC is an important 
oxygen-carrying mediator, and when its size is variable or its 
function is impaired, it induces a hypoxic microenvironment, 
which in turn leads to tumor progression.47 Anemia is the 
most common hematologic abnormality in cancer patients 
and is a direct or indirect consequence of tumor progression 
or antitumor therapy.48,49 In this study, RBC and HGB were 
negatively associated with the risk of lung cancer, RDW was 
positively associated with the risk of lung cancer, and their 
differences in levels between lung cancer and healthy indi-
viduals were statistically significant (P < 0.05). In summary, 
we believe that RBC, HGB, and RDW have great clinical 
significance in the differential diagnosis of lung cancer and 
healthy individuals.

TT is the time required for plasma to clot after a “stand-
ardized” prothrombin solution has been added to the plasma 
under test. TT has been previously found to be a marker to 
differentiate brain metastases from other intracranial malig-
nancies.50 In this study, the prolongation of TT was positively 
correlated with the development of lung cancer and was 
significantly different between patients with lung cancer and 
benign lung disease (P < 0.05), with longer TT in patients 
with lung cancer than in patients with benign lung disease. 
However, in the data collected in this study, the median val-
ues of TT in both categories of patients remained within the 
normal reference range. More relevant data on the role of 
TT in lung carcinogenesis need to be collected for further 
analysis.

In this study, the diagnostic efficacy of the predictive mod-
els developed by each of the three comparison groups was 
higher than that of the predictive models developed using 
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tumor markers alone, and the difference in the lung cancer-
health group and the benign lung disease-health group was 
statistically significant (P < 0.05). It can be assumed that the 
more indicators used for risk prediction of lung cancer, the 
higher the detection rate of lung cancer will be. The AUC of 
the models of early-stage lung cancer-benign lung disease 
group and early-stage lung cancer-health group reached 
0.841 and 0.976, respectively. It indicates that the models 
have high diagnostic efficacy and can help in the differen-
tial diagnosis of early-stage lung cancer patients, patients 
with benign lung disease and healthy individuals. The five 
prediction models of this study can be used simultaneously 
for risk prediction when patients come to the hospital, so 
as to help early clinical detection of lung cancer and inter-
vention to reduce lung cancer mortality. Since the data col-
lected from healthy individuals in this study were obtained 
from the test results of the various physical examinations 
they attended, electrolyte tests as well as glomerular filtra-
tion rate were not included. Therefore, the above indicators 
were not included in the data analysis and the development 
of diagnostic models between healthy individuals and the 
other two populations in this study, which does not mean 
that these indicators do not correlate and differ between 
healthy individuals and those with lung cancer or benign 
lung lesions.

The innovation of this study is to establish a risk pre-
diction model for lung cancer by combining several con-
ventional laboratory indicators and tumor markers through 
ANNs. Next, we will further validate and improve the effi-
ciency of the diagnostic model by improving the relevant 
data and expanding the sample size, and test the effect of the 
models in clinical practice.

Conclusion

The diagnosis model of lung cancer based on ANN which 
used conventional laboratory indicators combined with tumor 
markers has high diagnostic performance and far-reaching 
significance for early auxiliary diagnosis of lung cancer.
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