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Abstract 

Background: The majority of lung cancer(LC) patients are diagnosed at advanced stage with a poor prognosis. How-
ever, there is still no ideal diagnostic and prognostic prediction model for lung cancer.

Methods: Data of CEA, CYFRA21-1 and NSE test of patients with LC and benign lung diseases (BLDs) or healthy peo-
ple from Physical Examination Center was collected. Samples were divided into three data sets as needed. Reassign 
three kinds of tumor markers (TMs) according to their distribution characteristics in different populations. Diagnostic 
and prognostic models were thus established, and independent validation was conducted with other data sets.

Results: The diagnostic prediction model showed good discrimination ability: the area under the receiver operating 
characteristic curve (AUC) differentiated LC from healthy people and BLDs (diagnosed within 2 months), being 0.88 
and 0.84 respectively. Meanwhile, the prognostic prediction model did great in prediction: AUC in training data set 
and test data set were 0.85 and 0.8 respectively.

Conclusion: Reassigned CEA, CYFRA21-1 and NSE can effectively predict the diagnosis and prognosis of LC. Com-
pared with the same TMs that were considered individually, this diagnostic prediction model can identify high-risk 
population for LC screening more accurately. The prognostic prediction model could be helpful in making more 
scientific treatment and follow-up plans for patients.
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Introduction
Lung cancer, a malignant tumor with the highest inci-
dence and death rate, causes serious damage to human 
health [1]. According to GLOBOCAN Estimate, in 2018, 
newly confirmed cases of LC accounted for 11.6% among 
all malignancies, and 18.4% among all deaths globally [2]. 

Poor prognosis is observed in LC patients: their the five-
year survival rate in 2019 was only 19.4%, with most of 
the patients diagnosed at advanced stage [3]. The five-
year survival rate can be 90% or higher when the can-
cer is diagnosed at stage I, but it would be less than 10% 
when diagnosed at stage IV [4]. Unfortunately, current 
global rate of LC diagnosis at limited stage is only 16% 
[5, 6]. Low-dose computed tomography (LDCT) screen-
ing scan can reduce LC mortality by 20% [7]. However, 
LDCT scan has a high false-positive rate [8]. In addition, 
radiation exposure and unnecessary anxiety also exist [9, 
10], for which less than 5% of high-risk population has 
ever received LDCT screening [11, 12]. Therefore, it is 
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necessary to find an accurate prediction model that iden-
tifies high-risk groups of LC.

Serum tumor markers (TMs) such as carcinoembry-
onic antigen (CEA), cytokeratin-19 fragment (CYFRA21-
1) and neuron-specific enolase (NSE) are routinely tested 
for diagnosis and prognosis of LC for their easy applica-
tion [13]. TMs values can climb higher than the reference 
level with aging or certain benign diseases while remain 
normal in some cancer patients. Since single TM value 
can only provide limited reference, three kinds of TMs, 
CEA, CYFRA21-1 and NSE, were selected in this study. 
Using reassigned TMs of patients who were identified 
as LC and patients with benign lung diseases (BLDs) or 
healthy people in physical examination, a LC diagno-
sis prediction model was built to identify candidates for 
LDCT screening more accurately. A prognostic model 
was also established to provide an important basis for 
making more scientific diagnosis, treatment and follow-
up plans for LC patients.

Methods
Participants and study design
Data of inpatients who were diagnosed as LC, BLDs with 
at least two test records, as well as healthy people in Phys-
ical Examination Center of The First Affiliated Hospital 
of Xi’an Jiaotong University from April 2013 to Novem-
ber 2021 was retrospected in this study. All subjects had 
completed CEA, CYFRA21-1, and NSE tests. Consider-
ing that surgery is the standard of care for patients with 
operable early-stage (stages I or II) [14], in this study, 
stage I or II of non-small cell lung cancer (NSCLC), and 
limited stage of small cell lung cancer(SCLC) were collec-
tively referred to as early stage; and the remaining stages 
are designated advanced stage.

Data was divided into three sets: Data 1, Data 2, and 
Data 3 (Supplement Fig. 1A). Data 1 consists of cases met 
high-risk population criteria for lung cancer screening 
(50 to 75 years old, with a smoking history of at least 20 
pack-year), which including 391 patients newly diagnosed 
as early stage LC (Data 1A) and 772 healthy subjects 
(Data 1B). Data 2 consists of 68 LC patients (Data 2A) 
who had TM test records prior to (at least one month) 
and at the time of diagnosis and 208 BLD patients (Data 
2B) who had TM test records at least twice before (with 
an interval of at least 1 month). Data 3 contains 4,351 LC 
patients at defined stage (Data 3A), and 2,094 LC patients 
at undefined stage (Data 3B). There was no overlap of 
data among these three parts. Written informed consent 
was waived by The First Affiliated Hospital of Xian Jiao-
tong University.

Data 1 was randomly divided into a training set and a 
test set at a ratio of 7:3. Based on the distribution char-
acteristics of TM in the training data set, TM values 

were re-assigned (see Supplementary material for more 
details), and a diagnostic prediction model was then 
established. We validated the model with the test data 
set and Data 2 (Supplement Fig. 1B). In order to predict 
the prognosis, LC patients in Data 3A were divided into 
a training set and a test data set at a ratio of 7:3. Death 
was taken as the endpoint event, and survival analysis 
was carried out with Data 3A’s training data set. A prog-
nostic prediction model was established and validated 
with Data 3A’s test data set and Data 3B respectively 
(Supplement Fig.  1C). ROC methods, calibration charts 
and decision curves were used to evaluate the prediction 
model. Methods for model establishment and validation 
were described in section Supplementary material.

TM measurements
Serum CEA, CYFRA21-1 and NSE were selected in this 
study. Before initiation of any anticancer treatment, 3 mL 
peripheral venous blood was extracted into an empty 
stomach at 4000r/min, and the serum was separated 
and stored at -80℃ for test. Electrochemiluminescence 
immunization (Roche Cobas e601) was applied to evalu-
ate three kinds of TMs. The upper limits of reference val-
ues are: CEA, 3.4  ng/ mL; CYFRA21-1, 3.3  ng/mL; and 
NSE, 16.30  ng/mL. In order to reduce the interference 
of extreme values and ensure the discriminability of the 
TMs, we re-assigned each TM to be a three-categorical 
variable when establishing the diagnostic prediction 
model, and re-assigned each TM as a dichotomous vari-
able when establishing the prognostic prediction model. 
See Supplementary material for specific assignment 
methods.

Statistical analysis
The diagnostic prediction model was established with 
logistic regression, and comprehensive diagnostic pre-
diction score (cd-score) was thus calculated. Conduct 
Wilcoxon test to compare the difference in TMs between 
different populations. Independent sample T test was 
carried to differentiate two cd-score groups in Data 2, 
and the area under the receiver operating characteristic 
curve (AUC) was applied to evaluate the model’s accu-
racy. The prognostic prediction model was established 
with COX regression, and the comprehensive prognostic 
prediction scores (cp-score) were calculated based on the 
three kinds of TMs. Kaplan–Meier curves and log-rank 
tests were used to analyze the incidence risk of LC for 
patients with BLDs and the mortality risk for patients 
with LC respectively. Time-dependent ROC [15] curve 
was used to evaluate the model’s predictive ability in the 
identification of endpoint events occurrence. The agree-
ment between predicted probability and actual outcome 
was tested with calibration plotting. Finally, evaluated the 
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clinical value of predictive models by decision curve anal-
ysis (DCA). p < 0.05 was taken as statistically significant. 
All statistical tests were two-sided and statistical analysis 
was performed using R version 4.0.2.

Results
Characterization of participants
Three kinds of participants were included in this study. 
Data 1 consists of patients whose age and smoking his-
tory meet high-risk population criteria for LC screen-
ing. Data 1 was further divided into two parts: Data 1A 
contains patients at early LC stage, with 391 patients in 
total (223 males); Data 1B includes all healthy people 
tested in Physical Examination Center, which is 772 sam-
ples. In Data 2, Data 2A comprises 68 LC patients who 
had TM test within one month before diagnosis, and 
Data 2B includes 208 BLD patients who had TM test 
records at least twice (with an interval of one month at 
least). In Data 3, Data 3A consists 4,351 patients with 
LC at defined stage, Data 3B includes 2,094 LC patients 
at  undefined stage. Clinical and TM characteristics can 
be checked in Supplement Table 1.

Heterogeneity of the three TM values in different groups
The proportion of each TM value greater than the ref-
erence one in different groups was calculated. Results 
showed that TM values of 50% patients with early LC and 
25% patients with advanced LC were below the reference 
(Supplement Fig.  2, Supplement Table  2). This suggests 
that the discrimination ability of the reference value is 
quite limited, which is similar to the conclusion of other 
studies [16]. Afterwards, we made a logarithmic trans-
formation of CEA, CYFRA21-1 and NSE, and described 
their distribution in different groups. It was found that 
in healthy people, early LC, and advanced LC patients, 
the level of three TMs all gradually increased, and the 
difference among groups showed statistical significance 
(Supplement Fig.  3A, B&C). For LC patients in differ-
ent treatment stages, TM level lowered after surgery, 
and increased significantly after relapse or before death. 
Through descriptive analysis, it was found that CEA was 
significantly elevated in lung adenocarcinoma compared 
with other histological types. Similarly, CYFRA21-1 and 
NSE were significantly elevated in patients with squa-
mous cell carcinoma and small cell LC, respectively. To 
sum up, these three TMs are heterogeneous in different 
groups, for which they can be used to predict the diagno-
sis and prognosis of LC.

TM‑based diagnostic prediction model for LC
Data 1 was randomly divided into a training set and a test 
set at a ratio of 7:3. Based on the training set, re-assigned 
TMs were used to establish a diagnostic prediction 

model, which uses logistic regression to obtain the pre-
dictive score (cd-score). Results showed that cd-score 
manifested better prediction ability of LC identification 
than single TM. AUC of cd-score was 0.88 in both train-
ing set and test set, higher than that of single TM, which 
was 0.63 to 0.78. The difference was statistically signifi-
cant (Fig.  1A&D). According to Youden-index, calcula-
tion suggested that the best threshold of cd-score for 
diagnosis of LC was -0.88, and corresponding sensitivity 
and specificity were 0.79 and 0.80, respectively.

The calibration curve revealed that predicted prob-
ability and validated probability of the model have high 
consistency in the training and test set, (Fig. 1B&E). To 
evaluate the net benefit of cd-score for clinical diagno-
sis, DCA curves were drawn with the same validation 
data sets, which showed better effects compared with 
the control models, suggesting its clinical effectiveness 
(Fig.  1C&F). The diagnostic prediction model was pre-
sented in the form of nomogram (Fig. 1G).

In order to explore the prediction ability of cd-score in 
surveillance, we analyzed patient’s TM levels before LC 
diagnosis, and calculated the predictive scores (cd-score 
1 and cd-score 2) of patients’ two TM tests in Data 2. For 
LC patients (Data 2A), cd-score 1 was the score before 
LC diagnosis and cd-score 2 was the score at diagnosis. 
The difference between these two scores was statistically 
significant, and that of the LC group was higher (Supple-
ment Fig. 4A). This suggested that rising of cd-score is in 
line with the increase of LC risk. Time-dependent ROC 
curve showed that the AUC of cd-score 1 to discriminate 
LC diagnosed within 2 months was 0.84, showing a cer-
tain predictive ability after TM test (Supplement Fig. 4B), 
evidencing its role of guidance on the follow-up plan for 
patients. According to Youden-index, the best threshold 
was -0.90, based on which Data 2 was divided into a low-
risk group and a moderate-risk group. A survival curve 
was drawn, with LC diagnosis as the endpoint event. 
Results revealed that this survival curve can distinguish 
different outcomes of patients in Data 2 (Supplement 
Fig. 4C).

TM‑based prognostic prediction model for LC
Data 3A (staged LC patients) was randomly divided into 
a training set and a test set. In the training set, three TMs 
were re-assigned as binary variables according to their 
prognostic prediction ability, namely CEAp, CYFRA21-
1p and NSEp (see Supplementary material for details) 
respectively. Included three TMs in COX regression 
model to generate a TM-based comprehensive prog-
nostic prediction score (cp-score). In the training data 
set, test data set and Data 3A, time-dependent ROC 
curves showed that compared with stage, cp-score had 
higher AUC in 6, 12 and 24 months after the diagnosis, 
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suggesting better distinguishing ability (Supplement 
Fig. 5). The survival curve also revealed consistent results 
(Supplement Fig. 6).

To provide better guidance on clinical practice, in the 
training set, we included CEAp, CYFRA21-1p, NSEp, age 
and stage into the COX regression model to establish a 

comprehensive prognosis prediction model (Supplement 
Table 3), and the test data set was applied for validation. 
From the time-dependent ROC curve 12  months after 
the diagnosis, it was found that although cp-score had 
good predictive ability, the comprehensive model per-
formed better. Its AUC in the training set and test set 

Fig. 1 Diagnostic model for LC based on CEA, CYFRA21-1 and NSE. A and D ROC and corresponding AUCs for diagnostic prediction by cd-score, 
CEA, CYFRA21-1 and NSE in training data set (A) and test data set (D). B and E Calibration curves which show the relationship between the 
predicted probabilities base on the diagnostic model (cd-score) and actual values of the training data set (B) and test data set (E). C and F Decision 
curve analysis (DCA) of diagnosis based on diagnostic model (cd-score) and each individual TM in training data set (C) and test data set (F). G 
Nomogram for predicting LC diagnosis based on cd-score. LC, lung cancer. CEA, carcinoembryonic antigen (CEA). CYFRA21-1, cytokeratin-19 
fragment. NSE, and neuron-specific enolase
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was 0.85 and 0.8, respectively (Fig.  2 A, D). According 
to Youden-index, the best threshold was 0.92, which was 
used to divide the patients into high-risk and low-risk 
groups. Then the survival curves were drawn, in which 

results showed a better discrimination effect (Fig. 2 B, E). 
Through the calibration chart 12 months after the diag-
nosis, the predicted survival probability obtained from 
the model was in good agreement with the actual value 

Fig. 2 Prognostic model for LC based on cp-score, age and stage. A and D ROC and corresponding AUCs for 12-month survival predicted by 
cp-score, age, stage and all combined in the training (A) and test (D) set. B and E Overall survival curves of patients with LC (both low and high risk 
of death) according to the combined prognosis score in the training set (B) and test set (E). C and F Calibration plot of nomogram for predicting 
1-year overall survival in the training set (C) and test set (F). (G) Nomogram for predicting 1-, 2-, and 3-year overall survival of LC patients using 
TMs and other clinical factors. LC, lung cancer. TM, tumor marker. CEA, carcinoembryonic antigen. CYFRA21-1, cytokeratin-19 fragment. NSE, and 
neuron-specific enolase
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(Fig. 2C, F). At last, the prognostic model was presented 
with a nomogram to predict 1, 2 and 3-year survival rates 
(Fig. 2G).

Discussion
Current diagnosis rate of LC at early stage is still unsat-
isfactory. Although LDCT can detect early curable LC 
and reduce the mortality rate by 20% [7, 17], its high 
false positive rate affect patients to a certain extent. 
CEA, CYFRA21-1 and NSE are routinely examined for 
the diagnosis and prognosis of LC. In this study, model’s 
diagnosis and prognosis prediction of LC were estab-
lished and validated.

We reassigned CEA, CYFRA21-1 and NSE based on 
their distribution in different groups, as TM levels of 
some people without LC exceed the reference value while 
that of some LC patients are lower than the reference 
value [18–20]. Tumor marker levels may be elevated in 
non-cancer populations by certain factors (such as smok-
ing history, aging, inflammation, etc.). Bjerner et al. found 
that aging of subjects and active smoking were significant 
factors associated with high concentrations of CEA, while 
active smoking was associated with lower concentrations 
of NSE [20]. In the study of Hao et, al., increased serum 
CEA levels were associated with aging and some noncan-
cer diseases like lung fibrosis and chronic obstructive pul-
monary disease, etc [21]. Barouchos et, al. suggested that 
TMs were positively associated with inflammatory bio-
markers, such as WBC, CRP, ESR etc [22]. In conclusion, 
confounding factors hve to be considered in lung cancer 
risk calculation. Samples included in the establishment 
of the diagnostic prediction model all meet the high-risk 
population standards for LC screening, making this model 
applicable for real scenarios.

The comprehensive consideration of TMs in screening 
is necessary because the elevation of tumor markers is 
heterogeneous in different histological types of LC. The 
results of Molina et al. showed that the sensitivity of each 
individual TM for LC diagnosis was limited: the sensitiv-
ity of CEA, CYFRA21-1 and NSE were 56.5%, 56.1% and 
19.1%, respectively. It is well known that evaluation of a 
group of TMs rather than a single one can improve diag-
nostic performance [23].

In order to explore the ability of cd-score in follow-up, 
we analyzed patient’s TM test before and at the diagnosis 
of LC. It was found that the difference between these two 
tests may provide some valuable information in diagno-
sis prediction. Results are in line with Molina’s study that 
abnormal TMs often restore to normal with repeat assess-
ment in people without cancer [23]. After examination, 
when a subject is followed up for the second time, changes 
of cd-scores can be also considered. For value increase, 

follow-up frequency will be increased, or LDCT screening 
or a diagnostic workup can be carried out directly.

It was showed that these three TMs can also help eval-
uate the treatment effect and prognosis. TM level after 
LC surgery was lower than that before, and that would 
rise again in LC recurrence and before. We included 
three TMs, age and LC stage into the prognostic predic-
tion model, which is presented as a more intuitive nomo-
gram that predicts the survival rate of LC patients in 1, 2, 
and 3 years after diagnosis. With validation of the nomo-
gram, the model’s discrimination performed better than 
that predicted by cp-score, stage or age separately. The 
comprehensive model also showed better calibration. All 
these proved that at the time of diagnosis, the compre-
hensive prognosis prediction model can help distinguish 
patients with different prognosis, and identify those in 
need of more active treatment and focused monitoring. 
The nomogram can be considered as a reference tool 
to formulate clinical treatment and monitoring plans 
at the time of diagnosis. At the same time, TMs should 
be reviewed regularly in conjunction with the plan to 
dynamically adjust the treatment effect and prognosis.

There are some limitations in this research. Although 
multiple sets of independent samples were used, this is 
still a single-center study. Differences between institu-
tions, particularly in the context of standardization of 
pre-analytical and analytical steps, are critical elements 
that affect the result of biomarker testing. In addition, 
instead of a randomized controlled trial, this study is a 
retrospective one that might contain a certain selection 
bias. Prospective multi-center studies can be carried out 
in the future to explore the role of TMs in the diagnosis 
and prognosis of LC.

Conclusion
In summary, this study established a diagnostic pre-
diction model including CEA, CYFRAR21-1 and NSE, 
which assists identification of high-risk population for 
LC more accurately compared with the model consid-
ering TMs individually. Moreover, the prognostic pre-
diction model established based on TMs, age and stage 
can provide an important reference for the development 
of targeted treatment and monitoring plans for patients 
with confirmed LC.
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