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Abstract: Purpose: Whether patients with stage IA-IIA lung adenocarcinoma require conventional chemotherapy is
still a controversy. An ideal metastasis risk prediction model in lung adenocarcinoma is valuable for determining
the prognosis and giving timely, individualized treatment. Results: Analyzing the clinical cases of 153 lung adenocarcinoma patients using an χ2 test, Kaplan-Meier survival curves, and a multivariate logistic regression analysis,
we selected the most valuable factors for determining metastasis and constructed metastasis prediction models.
We confirmed the importance of the tumor markers (CEA, NSE) and a molecular marker (CAMKII) as independent
prognostic factors in lung adenocarcinoma. The result of a five-year survival status was significantly associated with
CAMKII and CEA (P < 0.05). A nomogram was created using CEA, NSE, CYFRA 21-1, and CAMKII to estimate the
metastasis probability for individuals, specifically, 78 stage I lung adenocarcinoma patients were used to verify the
effectiveness of the nomogram. Using machine learning, LASSO selected the subset of variables that minimized the
predictive error of the outcome, including CEA, NSE, CYFRA 21-1, CAMKII, tumor size, histologic type, lymph node
status, smoking, and age. A ten-fold cross-validation showed the average accuracy of this model was 86.208%, with
an area under the curve of 0.857, a sensitivity value of 0.840, and a specificity value of 0.873. Conclusion: Using
both complementary methods, the predictive models illustrated that the combination of tumor markers and a key
molecule to predict the prognosis of lung adenocarcinoma patients in early stages is valuable. The postoperative
transfer rate of stage I patients can be effectively predicted by these complementary methods.
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Introduction
Lung carcinoma is the most common human
malignant disease and the leading cause of
cancer-related death in the world, with almost
1.6 million people dying from lung cancer annually [1]. Particularly, lung adenocarcinoma (ADC)
is a histological type whose incidence is increasing year by year [2]. Despite recent advances in the target chemo- or radio-methods
available for application, the 5-year survival
rate remains poor. Even among early-stage
patients, the mortality risk remains high, with a
high rate of relapse and metastasis [3]. Staging
according to the tumor, node, and metastasis
(TNM) system has been widely used to esti-

mate the outcomes of patients with adenocarcinoma in current clinical practice. The US
National Comprehensive Cancer Network
guidelines recommend that chemotherapy be
selected for patients with high-risk factors for
stage IA-IIA lung adenocarcinoma. However,
there is no definite prognostic biomarker for
non-small-cell lung cancer yet [4]. Whether
patients with stage IA-IIA lung adenocarcinoma
should receive conventional chemotherapy is
still controversial. Metastasis is the leading
cause of treatment failure and cancer-associated mortalities in lung adenocarcinoma.
Therefore, the construction of an ideal metastasis risk prediction model in adenocarcinoma
patients is valuable for guiding the judgment of
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prognosis and giving individualized treatment
on time.
Tumor markers are easy to obtain and detect in
patients’ serum and have a wide range of clinical applications. Some markers are considered
to be a convenient supplementary method for
disease diagnosis or post-therapy surveillance,
such as prostate-specific antigen (PSA) for
prostate cancer. For lung cancer diagnosis, the
related tumor markers comprise carcinoembryonic antigen (CEA), cytokeratin 19 fragments
(CYFRA 21-1), neuron-specific enolase (NSE),
total prostate-specific antigen (TPSA), and
squamous cell carcinoma antigen (SCC) [5, 6].
Recent studies have reported that an increase
in these tumor markers is associated with
metastasis and poor prognosis [7, 8]. Clinically,
the combined detection of multiple markers is
the most common method.
Ca2+/calmodulin-dependent protein kinase II
(CAMKII), a molecular marker, is a serine/threonine-specific protein kinase that responds to
Ca2+ fluctuations [9]. Recent studies have
demonstrated that high levels of CAMKII play a
critical role in the regulation of the proliferation,
differentiation and survival of various cancer
cells, expressed in several cancers such as
breast, prostate and colon cancer [10-12].
Increasing evidence has suggested that the
role of CAMKII as a biomarker in cancer diagnosis and therapy should be explored in future
research [13]. We found the expression of
CAMKII to be closely associated with tumor
metastasis in lung adenocarcinoma. As an
independent prognostic factor, the importance
of CAMKII was confirmed by machine learning
as well.
A nomogram is a meaningful and well-accepted
tool for predicting cancer prognosis because it
provides intuitive and convenient information
on the probability of clinical events based on
the ability to combine statistically significant
features and quantified risk in a graphical form
[14]. The capability of the nomogram to precisely estimate the outcome for individuals would
be helpful for clinicians in arriving at a treatment decision. Recent studies focus on single
factors for building survival models, such as
age, sex or TNM stage [15]. We combined tumor
markers and molecular markers for the prediction of poor prognosis with a nomogram. The
method of machine learning was then applied
to evaluate the metastasis risk.
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Machine learning is a field of computer science
which combines the study of pattern recognition and computational learning theory to construct algorithms that can learn from data and
make predictions on outcomes as well as
uncover hidden insights [16]. It is already widely employed in biological domains such as genomics, proteomics, microarrays, systems biology, evolution, and text mining [17]. Compared
with human intuition and standard statistics,
the use of intensively computational approaches such as machine learning is part of a growing trend toward personalized, predictive medicine.
In our study, we evaluated the prognostic value
of the traditional clinicopathological factors,
leading tumor markers and expression of major
proteins. We aimed to focus on the investigation of patients with early-stage lung adenocarcinoma that will have distant metastasis based
on these factors, using nomograms and machine learning.
Materials and methods
Patients
As shown in the diagram of patient selection in
Figure 1, in a database of 787 lung cancer
patients undergoing curative resection at the
Tianjin Medical University Cancer Institute and
Hospital from June 1, 2011 to December 31,
2011, 223 patients were histologically diagnosed with lung adenocarcinoma. One hundred
and sixty-two cases of 180 patients underwent
EGFR mutation detection among the 223 lung
adenocarcinoma patients who were followed
up. Excluding patients who had no pre-therapy
tumor marker examination, 153 patients with
full panels of tumor marker data (CEA, TPSA,
SCC, CYFRA 21-1, and NSE) were included in
the final analysis. Seventy-eight patients diagnosed with stage I lung adenocarcinoma from
January to April 2013 also had their diagnoses
verified by machine learning. These patients
had negative margins after surgery. All characteristics including age, gender, smoking, primary tumor size, histological tumor type, TNM
stage, and development of lymphatic and distant metastases were determined and made
up the patients’ clinical and pathological data.
None of the patients had received chemotherapy or radiotherapy before their operations. The
follow-up periods ranged from 64 to 84 months
and ended on October 31, 2018. The protocols
Int J Clin Exp Pathol 2019;12(5):1690-1701
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SCC, NSE, and CYFRA 21-1) in the serum were
measured by electrochemiluminescence using
Roche COBAS6000 and Roche’s supporting
reagents. The upper limits of the reference concentration recommended by the manufacturers
of CEA, TPSA, SCC, CYFRA 21-1 and NSE were 5
µg/ml, 80 µg/ml, 1.5 µg/ml, 3.3 µg/ml, 15.2
µg/ml, respectively. Laboratory quality control
guaranteed the validity of the results. All assays
were blind to clinical information.
Immunohistochemistry

Figure 1. Diagram of patient selection and study design.

of this study were approved by the hospital’s
Protection of Human Subjects Committee.

With approval from the Ethics Committee, lung
cancer tissue samples were obtained from 162
patients undergoing surgical resection with a
histologic diagnosis of lung cancer at the Tianjin
Cancer Institute and Hospital. The paraffinembedded tissues cut into 4 µm sections were
deparaffinized by sequential washing with xylene, graded ethanol, and phosphate-buffered
saline. The tissues were incubated overnight at
4°C with rabbit anti-CAMKII (Santa Cruz Biotechnology). The slides were treated with a
broad-spectrum secondary antibody and then
treated with dimethyl-aminoazobenzene. The
expression of CAMKII was analyzed only histologically in neoplastic epithelial cells. Immunoreactivity was semiquantitatively scored
according to the estimated percentage of positive tumor cells as previously described; staining intensity was scored 1 (negative) and
2 (positive). The immunoreactivity percentage
was scored on a scale from 0 to 3 (0 for no positive cells, 1 for < 25% of cells being positive, 2
for 25-50% of cells being positive, and 3 for >
50% of cells being positive). A final immunoreactive score, also known as the staining index,
was calculated between 0 and 6 by multiplying
the percentage of positive cells by the staining
intensity score. A total score of 0-3 indicates a
negative expression of protein, and a total
score ≥ 4 indicates a positive expression protein. The processed sections were examined
using an Olympus BX51 microscope and the
resulting images were captured using the
AnalySIS program.

Tumor marker measurement

Construction of nomogram and model validation

Subjects had 5 ml of venous blood drawn with
heparin anticoagulation in a fasting state before surgery or any other treatments. The serum
was separated by centrifugation at 3000 rpm.
The levels of the tumor markers (CEA, TPSA,

Nomograms were used to assign 98 stage II-IV
cases among 153 lung adenocarcinoma patients diagnosed in 2011 as a training cohort
and 78 stage I lung adenocarcinoma patients
as a validation cohort in addition. Univariate
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Table 1. General characteristics of the ADC patients
Patient
Number (%)
Age (year)
Median (Range)
58 (52.9, 47.1)
< 50
23 (15)
≥ 50
130 (85)
Gender
Male
77 (50.3)
Female
76 (49.7)
Smoking
Never
90 (58.8)
Former or current
63 (41.2)
Tumor Size (cm) Median (Range)
3 (49,51)
≤3
75 (49)
>3
78 (51)
Histological type Acinar predominant
56 (36.6)
Lepidic predominant
51 (33.3)
Papilary predominant
17 (11.1)
Solid predominant
17 (11.1)
Micropapilary predominant
12 (7.8)
TNM
TNMI
55 (35.9)
TNMII
40 (26.2)
TNMIII
39 (25.5)
TNMIV
19 (12.4)
NSE
Median (Range)
11.85 (50.3, 49.7)
≤ 15.2 ug/ml
129 (84.3)
> 15.2 ug/ml
24 (15.7)
TPSA
Median (Range)
45.41 (50.3, 49.7)
≤ 80 ug/ml
124 (81)
> 80 ug/ml
29 (19)
SCC
Median (Range)
0.7 (56.9, 43.1)
≤ 1.5 ug/ml
144 (94.1)
> 1.5 ug/ml
9 (5.9)
CEA
Median (Range)
3.87 (50.65, 49.35)
≤ 5 ug/ml
90 (58.8)
> 5 ug/ml
63 (41.2)
Cyfra 21-1
Median (Range)
2.53 (50.3, 49.7)
≤ 3.3 ug/ml
106 (69.3)
> 3.3 ug/ml
47 (30.7)
CAMKII
Low
63 (41.2)
High
90 (58.8)
EGFR
Mutation
56 (36.6)
Wild
97 (63.4)
Factors

and multivariate analyses were used to screen
for significant prognostic factors, including
tumor markers, molecular markers, and clinical
and pathological features. Only predictors with
a P-value < 0.05 were incorporated into the
nomogram. The resulting multivariate log-rank
regression model was used to calculate the
risk score and build the final nomogram prognostic model. In the validation cohort, the pre1693

dictive ability of the nomogram was
measured using a receiver operating characteristic (ROC) curve analysis. All statistical analyses were carried out using R software (version
3.1.0) and SPSS version 22.0 (IBM
Corp., Armonk, NY, USA). A value of P
< 0.05 was considered statistical
significant.
Machine learning
For the model constructed, the random forest machine learning scheme was employed for the classification. The least absolute shrinkage
and selection operator (LASSO) was
used to pre-identify the most predictive features before the classification experiments. Ten-fold crossvalidation was performed to identify
the model classification performance. Classification performance was
evaluated by the area under the
AUC, accuracy, sensitivity and specificity. The model was constructed
using Matlab version R2017a (MathWorks Inc., Natick, Massachusetts, USA).
Statistical analysis

The paired χ2-test for continuous
variables and the chi-square test for
categorical variables were used to
compare two groups. Logistic regression models were used to estimate the odds ratio (OR) and the
95% confidence interval (CI) and to
identify independent prognostic variables for 5-year distant metastasis. Kaplan-Meier survival curves
and a multivariate Cox regression
analysis were used to analyze mortality at 5 years. All the other statistical tests were performed using R
(version 3.1.0) and SPSS software
(version 22.0). A value of P < 0.05 was considered statistically significant.
Results
General characteristics of the study population
The general clinicopathological characteristics
of the adenocarcinoma patients are shown in
Int J Clin Exp Pathol 2019;12(5):1690-1701
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Figure 2. The expression of CAMKII and Kaplan-Meier estimates of overall survival. A. Representative IHC images
showing the expression of CaMKII in lung ADC in micropapillary. 200*. B. The case rate expression of CaMKII in
different histological types of ADC. Along with the ADC deteriorate, the expression of CAMKII was upregulated. Especially, the CAMKII expression in micropapillary predominant samples was totally positive. C. Positive CaMKII expression predicts a poor prognosis in patients with ADC. Kaplan-Meier curves displaying the overall survival of patients
with negative CAMKII expression vs positive CaMKII expression (P < 0.05, Log-rank Test). D. Higher CEA (> 5 μg/ml)
predicts poor prognosis in patients with ADC. Kaplan-Meier curves displaying the overall survival of patients with
higher CEA vs positive lower CEA (P < 0.05, Log-rank Test).

Table 1. The median age of all patients was 58
years, with 23 (15%) cases being younger than
50 years. About half of the adenocarcinoma tissues obtained from surgery were smaller than
3 cm. Comparatively, 19 patients (12.4%) were
diagnosed with TNM stage IV, 62.1% cases
were in the early stage (55 TNM stage I cases
and 40 cases in TNM stage II). Fifty-six cases of
153 adenocarcinoma patients were diagnosed
with EGFR mutation, comprising approximately
36.6% of all tested cases. As shown in the table
regarding the general characteristics, 63 patients used to smoke, and adenocarcinoma
1694

patients comprised half of the men and women
in our study. While highly differentiated histological type tissues accounted for 70% of our
cases (56 with acinar predominant and 51 with
lepidic predominant types), the poorly differentiated cases comprised only 18.9% with 17
solid predominant and 12 micropapillary predominant. The upper limits of reference concentration recommended by the manufacturers of CEA, TPSA, SCC, CYFRA 21-1, and NSE
were 5 µg/ml, 80 µg/ml, 1.5 µg/ml, 3.3 µg/ml,
15.2 µg/ml, respectively. According to these
limits, 63 (41.2%) CEA, 29 (19%) TPSA, 9 (5.9%)
Int J Clin Exp Pathol 2019;12(5):1690-1701
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ocarcinoma samples,
90 (58.8%) showed positive CAMKII expresCAMK2 expression
Variable
Total (%)
X2
P
sion (Figure 2A). The
Low
High
relationships between
Age
the CAMKII expressi< 50
23 (15) 11 (47.8) 12 (52.2) 0.494 0.499
ons and each of the
≥ 50
130 (85) 52 (40)
78 (60)
cases with their cliniSex
copathological paramMale
77 (50.3) 32 (41.6) 45 (58.4) 0.009 1.000
eters are summarized
Female
76 (49.7) 31 (40.8) 45 (59.2)
in Table 2. We found
that the expression of
Smoking
CAMKII was not signifiNever smoker
90 (58.8) 35 (38.9) 55 (61.1) 0.472 0.509
cantly associated with
Former or current smoker 63 (41.2) 28 (44.4) 35 (55.6)
patient age or gender,
Tumor Size (cm)
tumor size or smok≥3
78 (51) 30 (38.5) 48 (61.5) 0.484 0.514
ing. However, the his<3
75 (49) 33 (44)
42 (56)
tological type (P <
Histological type
0.05), TNM stage (P <
Acinar predominant
56 (36.6) 29 (51.8) 27 (48.2)
0.05), lymphatic and
Lepidic predominant
51 (33.3) 24 (47.1) 27 (52.9)
distant metastasis (P
Papilary predominant
17 (11.1) 6 (35.3) 11 (64.7) 12.65 0.013*
< 0.05) were strongly
Solid predominant
17 (11.1) 3 (17.6) 14 (82.4)
close to the expression of CAMKII. The
Micropapilary predominant 12 (7.8)
1 (8.3)
11 (91.7)
solid predominant and
TNM stage
micropapillary predoTNMI
55 (35.9) 31 (56.4) 24 (43.6)
minant types are more
TNMII
40 (26.1) 15 (37.5) 25 (62.5) 8.937 0.030*
malignant than otheTNM III
39 (25.5) 12 (30.8) 27 (69.2)
rs; we found high-level
TNM IV
19 (12.4) 5 (26.3) 14 (73.7)
expressions of CAMKLymphatic Metastasis
II (82.4% and 91.7%
Present
66 (43.1) 19 (28.8) 47 (71.2) 7.355 0.008*
respectively) in these
Absent
87 (56.9) 44 (50.6) 43 (49.4)
two types (Figure 2B).
Distant Metastasis
The patients with posiPresent
49 (32) 14 (28.6) 35 (71.4) 4.729 0.035*
tive CAMKII expressions were more vulAbsent
104 (68) 49 (47.1) 55 (52.9)
nerable to metastasis
EGFR
compared to those wiMutation
56 (36.6) 17 (30.4) 39 (69.6) 4.269 0.042*
th negative CAMKII exWild
97 (63.4) 46 (47.4) 51 (52.6)
pressions. Interesting*Significantly different.
ly, the expression of
CAMKII was associatSCC, 47 (30.7%) CYFRA 21-1, and 24 (15.7%)
ed with EGFR mutation (P < 0.05) and might
NSE were higher than the normal value.
provide a novel target for adenocarcinoma
treatment. Thus, upregulated CAMKII expresThe association of CAMKII expression with the
sion has the potential to be developed as a bioclinicopathological features of the lung adenomarker for malignant phenotypes of lung adcarcinoma cases
enocarcinoma.
Table 2. The relationship between CAMKII expression and the clinicopathological characteristics of lung ADC

In order to reveal the clinical significance of
CAMKII protein expression levels in the lung
adenocarcinoma tissues, we selected 153 human lung adenocarcinoma cases, and subjected them to an χ2 test. Among the 153 lung aden-
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Multivariate analyses for independent prognostic factor identification
We observed a significant correlation between
the occurrence of distant metastasis and CEA,
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Table 3. Multivariate logistic regression analyses for distant metastasis in Lung ADC
Multivariate analysis
HR (95% CI)
P value
Sex, male versus female
0.194 (0.869-1.063) 0.440
Age, < 50 versus ≥ 50 years
0.238 (0.832-1.070) 0.365
Tumor sizes, ≤ 3 versus > 3 cm
0.244 (0.835-1.079) 0.421
TPSA, ≤ 80 µg/ml versus > 80 µg/ml
0.247 (0.886-1.133) 0.966
SCC, ≤ 1.5 µg/ml versus > 1.5 µg/ml
0.476 (0.981-1.457)
0.076
NSE, ≤ 15.2 µg/ml versus > 15.2 µg/ml
0.22 (0.711-0.931) 0.003*
CEA, ≤ 5 µg/ml versus > 5 µg/ml
0.236 (1.073-1.309) 0.001*
Cyfra 21-1, ≤ 3.3 µg/ml versus 3.3 µg/ml 0.217 (0.873-1.090) 0.659
EGFR, wild versus mutation
0.192 (0.896-1.088) 0.795
Histologic style
0.068 (0.992-1.060) 0.140
Lymph metastasis, present versus absent 0.407 (1.868-2.275) < 0.001*
Smoking, never versus former or current
0.23 (0.996-1.226)
0.057
CAMKII, low versus high
0.135 (1.000-1.135) 0.049*
Variable

*Significantly different.

NSE, lymph metastasis and CAMKII expression
with R software (version 3.1.0). For CAMKII, the
OR of distant metastasis increased 0.135 in
the positive expression group (95% CI: 1.0001.135, P < 0.05). Compared with the negative
groups, the higher NSE groups reflected an
increased risk of poor prognosis (OR=0.22,
95% CI: 0.711-0.931, P=0.003). There was a
significant difference between the negative
CEA groups and the positive CEA groups. The
distant metastasis OR of the positive CEA
groups rose by 0.236 (95% CI: 1.073-1.309, P
< 0.001). As expected, the occurrence of lymph
node metastasis was an independent predictor
of poor prognosis (OR=0.407, 95% CI: 1.8682.275, P < 0.001). Thus, Table 3 confirmed the
importance of CEA, NSE, and CAMKII as independent prognostic factors for predicting poor
prognosis in lung adenocarcinoma.
CAMKII and CEA levels correlated with 5-year
survival
Kaplan-Meier survival curves and a multivariate Cox regression analysis were used to analyze mortality at 5 years using SPSS version
22.0. Kaplan-Meier survival curves, as shown
in Figure 2C and 2D, indicated the result of fiveyear survival status is significantly associated
with CAMKII (P < 0.05) and CEA (P < 0.001).
Kaplan-Meier and log-rank test analyses suggested that lung adenocarcinoma patients with
positive CAMKII expression levels have shorter
overall survival (OS) and higher metastasis
rates than those with negative CAMKII expres1696

sion levels. These findings
suggest that CAMKII generally reflected a poor prognosis in lung adenocarcinoma. Higher CEA levels were
closely correlated with lower
5-year survival in lung adenocarcinoma cases. A multivariate Cox regression analysis demonstrated that the
higher baseline CEA level (>
5 ng/ml) remained independently associated with poorer OS (HR=2.076, 95% CI:
1.262-3.415, P=0.004). As
expected, lymph node metastasis was closely related
to the 5-year survival rate
(HR=6.514, 95% CI: 3.66311.586, P < 0.001).

Nomogram development
and model validation
The nomogram was used to assign 98 stage
II-IV cases of 153 lung adenocarcinoma patients diagnosed in 2011 as the training cohort
and 78 stage I patients as a validation cohort in
addition. Univariate and multivariate analysis
were used to screen for the significant prognostic factors, including tumor markers, molecular
markers, clinical and pathological features in
the training cohort (Table 3). A nomogram that
fed the significant prognostic factors (CEA,
CYFRA 21-1, and CAMKII) was established. The
resulting multivariate log-rank regression
model was used to calculate the risk score and
build the final nomogram prognostic model
(Figure 3A). Obviously, the CEA level made a
huge contribution to a poor prognosis. In the
validation cohort, the predictive ability of the
nomogram was measured using an ROC analysis (Figure 3B). With stage IA lung adenocarcinoma patients validated, the accuracy of the
nomogram was 64.94%, with an AUC value of
0.800, a sensitivity value of 0.929, and a specificity value of 0.603. The validation cohort illustrated that the nomogram was suited for predicting the poor prognosis of early stage lung
adenocarcinoma patients. For example, a pathologically diagnosed patient with stage I lung
adenocarcinoma after surgery has a negative
CEA, NSE and CAMKII, and a CYFRA 21-1 value
of 2.59. Therefore, we draw a line perpendicular to this scale down until it meets the “risk of
metastasis” axis; his total points are 18. The
Int J Clin Exp Pathol 2019;12(5):1690-1701
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Figure 3. The nomogram of predicting the risk of metastasis and feature selection using the least absolute shrinkage and selection operator (LASSO) binary logistic regression model. A. The construction of a nomogram of predicting metastasis risk in lung ADC, including CaMKII, NSE, CEA, a value of Cyfra 21-1. In the nomogram, each variable
value is assigned a score, and the final sum of the scores is projected to the corresponding probability of metastasis.
B. The ROC curve of the nomogram, the AUC was 0.800, with a sensitivity value of 0.929 and specificity value of
0.603. C. LASSO coefficient profiles of the 15 features. A vertical line was drawn at the value selected using 10-fold
cross-validation, where optimal 1 resulted in 9 nonzero coefficients. D. Tuning parameter (Lambda) selection in the
LASSO model used 10-fold cross-validation via minimum criteria. The green circle and dotted line locate the Lambda
with the minimum cross-validation mean squared error (MSE).

cross point is approximately 0.2, which means
the probability of distant metastasis in this
patient is about 20%.
Prediction of distant metastasis via machine
learning
The random forest machine learning scheme
was employed for the classification. LASSO
was used to identify the most predictive features before the classification experiments.
LASSO utilizes both variable selection and reg1697

ularization to select the subset of variables that
minimizes predictive error of the outcome,
including the expression of CAMKII, Cyfra 21-1,
NSE, CEA, tumor size, histologic type, lymph
node status, smoking status and age (Figure
3C). A ten-fold cross-validation was performed
to identify the model classification performance
(Figure 3D). Classification performance was
evaluated by AUC, accuracy, sensitivity, and
specificity. The average accuracy of this model
was 86.208%, with the AUC value of 0.857, a
sensitivity value of 0.840 and a specificity value
Int J Clin Exp Pathol 2019;12(5):1690-1701
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of 0.873. The model was constructed using
Matlab (version R2017a).
Discussion
Lung carcinoma is the leading cause of mortality among all cancers worldwide. Moreover,
metastasis is the leading cause of treatment
failure and cancer-associated mortality in lung
carcinoma, especially in lung adenocarcinoma.
Approximately 15% of stage I lung adenocarcinoma patients experience distant metastasis
after surgery [3]. However, whether stage IA-IIA
lung adenocarcinoma patients require conventional chemotherapy is still controversial. That
means this some patients with lung adenocarcinoma who may be transferred may not receive
timely prevention and treatment. On the other
hand, some patients with early low-risk lung
adenocarcinoma may receive radiotherapy and
chemotherapy. For the poor prognosis, there is
lack of an intuitive and significant method to
predict and assess whether early-stage patients require therapy or not. In our study, we
used molecular markers, tumor markers, and
clinical and pathological factors associated
with tumor progression to build a machine
learning model and a nomogram which was
able to predict a poor prognosis after surgery.
Therefore, our predictive survival model provides a useful and objective adjunct to current
staging criteria that incorporates the heterogeneity existing in the biology of lung adenocarcinoma. Hence, this needs to be kept in mind
when interpreting our results.
With immunohistochemistry and data analysis,
our findings indicated that CAMKII expression
was associated with histology type (P < 0.05), lymphatic metastasis (P < 0.05) and distant metastasis (P < 0.05) and TNM stage (P < 0.05).
The interesting finding that CAMKII expression
was related to EGFR mutations (P < 0.05) provides a novel idea for patients with EGFR tolerance. A multivariable analysis confirmed the
importance of CAMKII as an independent prognostic molecular marker for predicting distant
metastasis in lung adenocarcinoma. KaplanMeier analyses and a log-rank test suggested
that lung adenocarcinoma patients with positive CAMKII expression levels have shorter OS
and higher metastasis rates than those with
negative CAMKII expression levels. Machine learning also confirms the importance of
CAMKII for transfer prediction. Recent data
1698

from several groups have highlighted that
CAMKII plays an important role in the regulation of cancer progression and therapy response, such as breast, prostate, and colon
cancer. Wang et al. found that the activation of
CaMKII significantly increased cell motility and
the capacity of wound healing in prostate cancer cell lines [18]. The rate of wound closure
was decreased by 80% after the inhibition of
CaMKII. Kim et al. suggested that the promoter
methylations of CaMKIIβ can be used as a biomarker for the diagnosis of breast cancer [19].
Mamaeva et al. showed that the expression
profile of CaMKII isoforms is tissue-specific and
could be used as a biomarker to distinguish the
origins of cancer cells [20]. This molecular
marker was also the focus of our previous
experiments. All the data demonstrated the
importance of CAMKII expression added to the
diagnostic features and prognosis model.
In our multivariate Cox regression analysis, the
higher levels of CEA and NSE were significant
factors for predicting distant metastasis, but
only CEA was found to be an independent predictor of survival in lung adenocarcinoma patients. In 98 stage II-IV cases of these lung adenocarcinoma patients used as a training cohort, CEA, CYFRA 21-1 and CAMKII constituted
a nomogram to predict the poor prognosis.
Additionally, using 78 stage I patients for validation certificated that the nomogram also suited early-stage lung adenocarcinoma cases. In
the construction of the nomogram, the result
showed that CEA played an important role in
the predictive model of lung adenocarcinoma
metastasis. Moreover, CAMKII and CYFRA 21-1,
as significant factors, added on to the model.
Lymph node metastasis is also a central indicator, but it was deleted because the validation
group deviated from the training group. Recent
studies reported that increasing tumor markers
and some clinical features associated with
metastasis and poor prognosis and even some
of these studies have established related models. Grunnet considered that the serum level of
CEA carries prognostic and predictive information of risk of recurrence and of death in NSCLC
independent of the treatment or study design
[21]. Jingbo Wang et al. reported that elevated
CEA served as an unfavorable determinant of
OS, increased the NSE level and was predictive
of poor distant metastasis-free survival [22].
They created a nomogram integrating KPS,
TNM stage, CEA and CYFRA 21-1 in a total of
Int J Clin Exp Pathol 2019;12(5):1690-1701
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224 non-small-cell lung cancer patients. Niels
Lyhne Christensen et al. found that COPD, highrisk alcohol intake, low nutritional status, and
the number of cigarettes smoked after diagnosis were associated with death within one year
among recently diagnosed Danish stage I lung
cancer patients [23]. In the process of modeling, we also screened the above indicators. Our
statistics on the tumor markers are also consistent with these reports. Furthermore, we only
used data regarding stage I lung adenocarcinoma patients for validation and more factors
in order to screen for more meaningful indicators. The construction of nomogram could offer
institutional data for clinicians to distinguish
high-risk patients in the early stages who
require chemotherapy.
Since a model for the joint prediction of molecular and tumor markers has never been proposed, and due to the bias of the sample distribution, in order to further study the synergy
between these factors, we chose the method
of machine learning for further exploration.
Additionally, we built a LASSO model for predicting the poor prognosis of lung adenocarcinoma patients by machine learning, including
CAMKII expression, major tumor markers (CEA
and NSE) and traditional clinicopathological
factors (tumor size, lymph node metastasis,
smoking status, histology type, and age). In this study, the random forest machine learning
scheme was employed for the classification.
Moreover, using 10-fold cross-validation to
identify the model classification performance,
the average accuracy of this model was
86.208%, with an AUC value of 0.857, a sensitivity value of 0.840 and a specificity value of
0.873. Machine learning is a technology that
learns from a set of examples (training sets) to
perform tasks so that it can perform with a
completely new data set. The simulation model
based on actual cases can give insights about
the overall future of that population [17]. In
recent years, more reports show that machine
learning is widely used in the prediction of disease prognosis with image data, and also with
gene-sequencing [24, 25]. In addition, some
studies have used machine learning to hunt for
the differences in prediction methods [26, 27].
However, a combination of protein markers,
serum tumor markers, clinical and pathological
features has rarely been utilized with machine
learning. Our study focused on the clinical factors combined with serum tumor markers, mo1699

lecular markers and clinicopathological features. The more comprehensive coverage content brought into play machine learning and
showed that the joint application of different
types of features has a higher sensitivity and
specificity for predicting the prognosis of lung
adenocarcinoma.
In conclusion, this retrospective study constructed two kinds of novel predictive models
of poor prognosis in lung adenocarcinoma
patients with nomogram and machine learning.
Both complementary models confirmed that a
combination of molecular markers (CAMKII)
and tumor markers can be used to predict
metastasis in patients with lung adenocarcinoma. The higher risk tumor metastasis patients
could benefit maximally from postoperative
adjuvant therapy at the early stages. Each of
these two methods has its own advantages.
From the above results, it is clear that machine
learning methods can be used to substantially
(15-25%) improve the accuracy of predicting
cancer metastasis susceptibility and recurrence. Undeniably, the nomogram could be
more suitable for widespread application because of its simplicity and intuitiveness. Compared with previous reports, our model has
more comprehensive information which included a novel molecular marker, tumor markers,
and clinical and pathological factors. However,
it must be acknowledged that this study is a retrospective study with a limited sample size. The
models also still require more clinical cases to
verify and improve some imaging features.
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