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Abstract

Background: Computed tomography images are easy to misjudge because of their complexity, especially images of solita}y
pulmonary nodules, of which diagnosis as benign or malignant is extremely important in lung cancer treatment. Therefore, there is
an urgent need for a more effective strategy in lung cancer diagnosis. In our study, we aimed to externally validate and revise the
Mayo model, and a new model was established.

Methods: A total of 1450 patients from three centers with solitary pulmonary nodules who underwent surgery were included in the
study and were divided into training, internal validation, and external validation sets (z = 849, 365, and 236, respectively). External
verification and recalibration of the Mayo model and establishment of new logistic regression model were performed on the training
set. Overall performance of each model was evaluated using area under receiver operating characteristic curve (AUC). Finally, the
model validation was completed on the validation data set.

Results: The AUC of the Mayo model on the training set was 0.653 (95 % confidence interval [CI]: 0.613-0.694). After re-estimation
of the coefficients of all covariates included in the original Mayo model, the revised Mayo model achieved an AUC of 0.671 (95 % CI:
0.635-0.706). We then developed a new model that achieved a higher AUC of 0.891 (95% CI: 0.865-0.917). It had an AUC of
0.888 (95% CI: 0.842-0.934) on the internal validation set, which was significantly higher than that of the revised Mayo model
(AUC: 0.577, 95% CI: 0.509-0.646) and the Mayo model (AUC: 0.609, 95% CI, 0.544-0.675) (P < 0.001). The AUC of the new
model was 0.876 (95% CI: 0.831-0.920) on the external verification set, which was higher than the corresponding value of the
Mayo model (AUC: 0.705, 95% CI: 0.639-0.772) and revised Mayo model (AUC: 0.706, 95% CI: 0.640-0.772) (P < 0.001). Then
the prediction model was presented as a nomogram, which is easier to generalize.

Conclusions: After external verification and recalibration of the Mayo model, the results show that they are not suitable for the
prediction of malignant pulmonary nodules in the Chinese population. Therefore, a new model was established by a backward
stepwise process. The new model was constructed to rapidly discriminate benign from malignant pulmonary nodules, which could
achieve accurate diagnosis of potential patients with lung cancer.

Keywords: CT image; Lung cancer; Prediction model; Pulmonary nodules; Regression algorithm

Introduction some poor results, including false positive and false
negative test results, overdiagnosis, and radiation expo-
sure.’) Of all positive LDCT results, 95% do not resultin a
diagnosis of lung cancer, which affects the physical and
mental health of many subjects screened for lung cancer by
LDCT. To increase the effectiveness of LDCT lung cancer
screening, a prediction model can be used to evaluate the

In 2018, there were 9.6 million cancer deaths worldwide,
of which lung cancer was the leading cause (18.4% of total
cancer deaths).!"! The use of low-dose computed tomogra-
phy (LDCT) to screen high-risk groups for lung cancer can
reduce the death rate from lung cancer by 20%.1
However, LDCT for lung cancer screening can also have
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probability of malignancy among pulmonary nodules
found during lung cancer screening before CT follow-up,
before surgery, or before biopsy. The goal is to achieve
accurate diagnosis of patients with lung cancer, which
could reduce mortality from lung cancer and limit the harm
and cost of unnecessary diagnosis and treatment.

Many predictive models have been widely used in clinical
practice, but whether they are applicable to local medical
institutions requires verification. Complete reporting of the
development and validation of clinical predictive models is
critical to the modeling of external validation and clinical
applications. The “Transparent Reporting of a Multivari-
able Prediction Model for Individual Prognosis or
Diagnosis” (TRIPOD) guidelines formalize the reporting
process and report quality evaluation of the standardized
prediction model.™ The first lung cancer risk prediction
model was Swensen Mayo model, which has been
recommended by organizations such as the American
College of Chest Physicians and Chinese Thoracic
Society.>®! Although several studies have attempted to
externally validate prediction models for pulmonary
nodules in people from China and other countries in the
Asia-Pacific region, very few of them have completely
adhered to the TRIPOD recommendations.l”'” No such
study from China has been conducted in multiple centers
with a sample size of more than 1000.

The prediction of benign and malignant tumors is a typical
binary classification problem, and the boom in statistical
methods provides us with effective tools to approach such
a problem: such as logistic regression, least absolute
shrinkage and selection operator (Lasso) regression, and
best subset selection. At present, few studies following the
TRIPOD guideline have integrated the calibration of
existing models and regression algorithms in risk predic-
tive model research. In this large multicenter study in a
Chinese cohort, the Mayo model was externally verified
and calibrated, and a new risk predictive model was
established using regression algorithms following the
TRIPOD guidelines. Internal and external validations
were also completed.

Methods

Ethical approval

This study was approved by the Ethics Committee and
Institutional Review Board of Henan Provincial People’s
Hospital (No.201986). Because of the retrospective nature
of the study and desensitization data, the requirement for
obtaining informed consent was waived.

Study population

We retrospectively reviewed medical records from Henan
Provincial People’s Hospital, Fuwai Central China Cardio-
vascular Hospital, and Henan Provincial Chest Hospital,
three large tertiary hospitals located in China’s central
region. Inclusion and exclusion criteria were setaccording to
the Swensen’s study,!® and patients were excluded if they
had multiple pulmonary nodules or if the case was
pathologically proven by non-surgical tissue biopsy.

WWW.Cmj.0rg

From 2014 to 2020, we followed up 11,216 cases of
pulmonary nodules, most of which were sub-solid at the
initial CT examination. Finally, a total of 1450 subjects
with pulmonary nodules on CT were enrolled for model
establishment and validation [Table 1]. All nodules
underwent video-assisted thoracoscopic surgery from
January 2015 to May 2020. Participants from Henan
Provincial People’s Hospital were randomly divided into
training and internal validation sets in a ratio of 0.7:0.3
using the sample function in R version 3.6.0 (www.R-
project.org). The cohorts from the Fuwai Central China
Cardiovascular Hospital and Henan Provincial Chest
Hospital were used as an external validation dataset
[Figure 1].

Clinical information and CT imaging

Information about the participants and nodules was
collected from the hospital information system and picture
archiving and communication systems. Smoking history
was defined as a smoking index of >400. Determination of
the tumor-vessel relationship on CT images was based on
Gaeta determination method.""" All image features were
annotated by two clinicians with more than 5 years of
working experience, and uncertain features were deter-
mined by a senior imaging specialist.

Mayo model and model revision
The Mayo model was as follows:
eMayofPI

(1 + eMayo—Pl)

With: Mayo-prognostic index (PI)=-6.8272+
(0.0391 x age) + (0.7917 x smoking) + (1.3388 x history
of cancer) + (0.1274 x nodule diameter) + (1.0407 x spic-
ulation) + (0.7838 x upper lobe nodule)

We denote PI as the weighted sum of the covariates X; .
X, in the model, where the weights B; . B, are the
regression coefficients and « is the intercept (e is the base of
the natural logarithm, e=2.718281828).

Pl=a+B1X1+8Xo+... ... + B8,X,,

We generated a revised Mayo model without considering
the original one. All coefficients (8; . . . 8, and the intercep?
a) were re-estimated by fitting the original Mayo model to
the training set. Because this method was used, the original
PI Mayo was not preserved.

Statistical analysis

All statistical analyses were performed with R version
3.6.0 (www.R-project.org) and IBM SPSS Statistics 21
(IBM Corp, Armonk, NY, USA). In this study, continuous
variables with normal distributions were expressed as
mean + standard deviation (X +s) and those with non-
normal distribution were presented as median (Qq, Q3).
Categorical variables were compared using the Chi-square
test, continuity-adjusted Chi-square test or Fisher exact
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test. Continuous variables were compared using #-tests for
variables with normal distributions or Mann-Whitney U
tests for variables with abnormal distributions.

Backward stepwise selection with the Akaike information
criterion was used to identify variables for the multivari-
able logistic model. The area under the receiver operating
characteristic (ROC) curve (AUC) was calculated to
evaluate the model’s performance. During the external
validation of the model, the total score for each patient in
the validation cohort was calculated according to the
established model, and then logistic regression in this
cohort was performed using the total score as a factor, and
finally, the AUC and calibration curve were derived from
the regression analysis. Furthermore, the accuracy,
sensitivity, specificity, positive predictive value (PPV),
and negative predictive value (NPV) were used to evaluate
the classification models. The model developed in this
study was compared with the Mayo model using
the DeLong test. P<0.05 was considered statistically
significant.

WWW.Cmj.0rg

Results

External validation and recalibration of the Mayo model

The Mayo model fit poorly with the training data set
(AUC: 0.653; 95% CI: 0.613-0.694), showing that the
model poorly differentiated between benign and malignant
cases. When the model was recalibrated, the coefficients
for age, smoking, history of cancer, nodule diameter,
spiculation, and upper lobe nodule were updated. The
revised model had improved performance and achieved a
better AUC value of 0.671 (95% CI: 0.635-0.706) on the
training data set [Figure 2]. According to this revised Mayo
model, the probability of lung cancer is (H"’%, with:
PI=-1.4945 +(0.0264 x age) — (0.1415 x smoking) +
(0.4623 x history of cancer)+ (0.0273 x nodule diame-
ter) + (0.7864 x spiculation) + (0.3231 x upper lobe nodule).

The AUC of Mayo model and revised Mayo model was
0.609 (95% CI: 0.544-0.675) and 0.577 (95% CI: 0.509-
0.646) on the internal validation data set, respectively. The

Patients with pulmonary nodules treated surgically during January, 2015—May, 2020

(n=1450)

A

Henan Provincial People’s Hospital

January. 2015-May. 2020 (n=1214)

Fuwai Central China Cardiovascular Hospital
Henan Provincial Chest Hospital

January, 2019-May, 2020 (r=236)

\

Randomly divided into training set and internal
validation set at a ratio of 0.7:0.3

Training set n=849

(including 631 malignant/218 benign)

Internal validation set n=365

(including 291 malignant/74 benign)

External validation set n=236

(including 113 malignant/123 benign)

Figure 1: Distribution of datasets shown as a flowchart.
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Figure 2: Comparison of ROC curves between Mayo model, revised Mayo model and new model in the data sets. (A) Training set (n = 849); (B) internal validation set (n = 365); (C) external

validation set (n=236). ROC: Receiver operating characteristic.
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Table 2: Performance of the three models in risk assessment of malignancy in solitary pulmonary nodules in lung CT.

Training set (n=849)

Internal validation set (n = 365)

External validation set (n=236)

Models Types Malignant Benign Malignant Benign Malignant Benign
Mayo model Malignant 321 54 147 21 78 46
Benign 310 164 144 53 35 77
Revised Mayo model ~ Malignant 361 73 110 15 63 28
Benign 270 145 181 59 50 95
New model Malignant 537 43 268 20 90 20
Benign 94 175 23 54 23 103

Data are presented as 7. CT: Computed tomography.

Table 3: Effect evaluation of the the Mayo model, revised Mayo model and new model on the training set, internal validation set, and external

validation set.

Models Accuracy (%) Sensitivity (%) Specificity (%) PPV (%) NPV (%) AUC
Mayo model
Training set 57.13 50.87 75.23 85.60 34.60 0.653
Internal validation set 54.79 50.52 71.62 87.50 26.90 0.609
External validation set 65.68 69.03 62.60 62.90 68.75 0.705
Revised Mayo model
Training set 59.60 57.21 66.51 83.18 34.94 0.671
Internal validation set 46.30 37.80 79.73 88.00 24.58 0.577
External validation set 66.95 55.75 77.24 69.23 65.52 0.706
New model
Training set 83.86 85.10 80.28 92.59 65.06 0.891
Internal validation set 88.22 92.10 72.97 93.06 70.13 0.888
External validation set 81.78 79.65 83.74 81.82 81.75 0.876

AUC: Area under receiver operating characteristic curve; NPV: Negative predictive value; PPV: Positive predictive value.

AUC of Mayo model and revised Mayo model was 0.705
(95% CI: 0.639-0.772) and 0.706 (95% CI: 0.640-0.772)
on the external validation data set, respectively [Figure 2].
There was a significant difference between the Mayo model
and the revised Mayo model (P < 0.001). However, both
the original Mayo model and the revised Mayo model
poorly performed on our training data set and validation
data set [Tables 2 and 3]. Thus, calibration of the Mayo
model on the training data set did not achieve the desired
results.

Establishment of the new model

The external verification and calibration of the Mayo
model did not achieve good results. To achieve better
prediction of benign and malignant pulmonary nodules, a
new prediction model was built by the backward stepwise
method on the training set, which achieved a higher AUC
0f 0.891 (95% CI: 0.865-0.917) than the other model. The
new model contains new variables such as nodule type,
history of chronic obstructive pulmonary disease (COPD),
nodule margin (lobulation), nodule within the lesion
(vacuole sign, calcification), and the presence of vessels and
satellite nodules. For convenience, Figure 3 shows a
nomogram of the new model, the regression equation of
which is shown below:

New model PI=—-1.39894 — 3.02619 x X; + 0.04067 x
X5+ 1.20883 x X5+ 1.52663 x X4+ 1.27667 x X5+ 0.80562 x
X — 1.90613 x X7+ 1.52263 x Xg— 2.48893 x Xo

Notes: X; represents solid nodule (1 if solid nodule, 0 if
non-solid nodule);

X, represents age (years);
X3 represents COPD (1 if patient has COPD, 0 if not);

X4 represents spiculation (1 if nodule has spiculation, 0 if
not);

X represents lobulation (1 if nodule has lobulation, 0 if
not);

X, represents vacuole sign (1 if nodule has vacuole, 0 if
not);

X represents calcification (1 if nodule has calcification, 0 if
not);

Xg represents vessels (1 if nodule has vessels, 0 if not);

X, represents satellite nodules (1 if nodule has satellite
nodules, 0 if not).

Verification of the new model’s performance

The accuracy of the new model was 83.86% on the
training cohort and 88.22% and 81.78% on the internal
and external validation sets, respectively, which suggests
that the model has good discrimination [Table 3].
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Figure 3: Development of nomogram for prediction of malignant risk. The new model is presented in the form of nomogram. After the position of each variable on the corresponding axis is

determined, a line to the axis can be drawn to indicate the number of points.

The new model showed an AUC of 0.888 (95% CI: 0.842~
0.934) on the internal validation set, which was higher
than the corresponding value of the Mayo model (AUC:
0.609, 95% CI: 0.544-0.675) and the revised Mayo model
(AUC: 0.577, 95% CI: 0.509-0.646) (both P < 0.001)
[Figure 2]. After the new model was fit to the internal
validation set, 20 and 23 benign and malignant nodules
were incorrectly classified into the malignant and benign
groups, respectively (sensitivity: 92.10%; specificity:
72.97%; PPV: 93.06%; NPV: 70.13%; AUC: 0.888).
On the external validation set, the AUC of the new model
was 0.876 (95% CI: 0.831-0.920), which was higher than
the Mayo model’s AUC of 0.705 (95% CI: 0.639-0.772)
and the revised Mayo model’s AUC of 0.706 (95% CI:
0.640-0.772) (both P < 0.001). The new model’s accuracy
on the external validation set was 81.78%, which also
constitutes good performance. The model incorrectly
classified 20 and 23 benign and malignant nodules as
malignant and benign nodules, respectively, in the external
validation set (sensitivity: 79.65%; specificity: 83.74%;
PPV: 81.82%; NPV: 81.75%; AUC: 0.876) [Table 3.

Discussion

In this study, we mainly elaborated three results. First, we
performed external verification and calibration of the

Mayo model. Fitting our cohort to the Mayo model had
similar results to those of existing studies, and the results
show that the original model has weak predictive power on
our cohort.!®*1%13] This can be attributed to the differ-
ences in living environment, living habits, and disease
spectrum of the Chinese population from those of the
European and American populations on which the Mayo
model was developed. These differences may have caused
the inadaptability of the Mayo model to the Chinese
population. Following the TRIPOD guidelines, we used
the training dataset to calibrate the Mayo model. The
original and calibrated Mayo models performed poorly on
the validation set. The final results showed that neither the
Mayo model nor the calibrated Mayo model was suitable
for the Chinese population cohort.

Second, we used regression algorithms to build a new
model. We screened independent risk factors for lung
cancer, thereby establishing a regression model, using the
backward stepwise method. The results of the new model
were significantly better than those of the Mayo model on
all three of the datasets used in our study. Our constructed
model had good predictive performance and can avoid the
missed diagnosis of malignant tumors to a large extent, but
the predictive performance of benign lung nodules in the
training set and internal validation set was slightly
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reduced. This may be because the number of malignant
nodules was far greater than the number of benign nodules
in the training and internal validation sets. The overesti-
mation of malignancy risk may also be related to the fact
that all pulmonary nodules admitted for treatment were
considered high-risk by the clinicians.

Third, we determined nine independent risk factors for
malignant pulmonary nodules through backward stepwise
regression, which were similar to the risk factors (ie, age,
spiculation, and calcification) included in the studies by
Swensen, McWilliams, and Wu et al'>*#! Solidity of
nodules was used as a protective factor in our model,
which indicates that the malignancy probability of sub-
solid nodules is significantly hlgher than that of solid
nodules. A study by Henschke et al''* showed that sub-
solid nodules, pure ground glass nodules, and solid
nodules accounted for 63%, 18%, and 7% of mahgnant
cases, respectively. In Gaeta’s research,'"! nodules in
which “the vessel passes through the nodule, the vessel
shifts to the nodule, the vessel is cut off in the surrounding
nodule, and the vessel is compressed and shifted” were all
regarded as nodules with blood vessels. This is consistent
with the well-known occurrence of angiogenesis and
neovascularization in malignancy.!">'® 'In  particular,
history of COPD was also an 1ndependent risk factor
for lung cancer in this study. Park ez all'”! found that the
risk of lung cancer was lower in people who did not smoke
and also did not have COPD than in people who smoked
and did not have COPD (the risk of the latter group
increased by 97%). People who did not smoke but had
COPD had a 167% increase in lung cancer risk, and people
who both smoked and had COPD had a 519% increase in
lung cancer risk. The characteristic signs of malignant
pulmonary nodules, such as the lobular and vacuole signs,
were also included in the model. Calcification was included
in the model as a protective factor, perhaps because of the
high proportion of benign patients with tuberculosis
granulomas in the cohort used to establish the model, and
the presence of satellite lesions around the lesion is a
characteristic manifestation of tuberculosis. In addition, in
our study, 90.3% (442/489) of ground glass nodules that
underwent surgical resection were eventually diagnosed as
malignancy. The presence or increase in the proportion of
solid components of sub-solid nodules is an important
predictor in the follow-up process, and we will focus more
on this aspect in the future.

Our research has the following advantages. First, all
nodules included in the study were surgically removed and
had clear pathological diagnoses. Second, we have verified
and calibrated the existing models with external popula-
tions; established a new model; and conducted external
multicenter cohort verification, which have rarely been
achieved in other comparable studies, especially in China.
Third, the model established by the regression algorithm is
a parametric model, which can reduce the missed diagnosis
of malignant nodules, and the relevant data parameters are
easy to obtain. We presented the model in the form of a
nomogram, which is convenient for clinical application.

This research also had several limitations. First, the
external cohort of this study was small, and only two

WWW.Cmj.0rg

external centers were included. There may be under-
representation of the sample in the study. In the future, a
more diverse external cohort will be needed to calibrate
and update our model. Second, most of the high-risk lung
nodules included in the study required hospitalization for
diagnosis, and the number of benign nodules in our cohort
was small. The model may thus overestimate the risk that
lung nodules are malignant and may be suitable for pre-
operative or pre-biopsy evaluation, and it may thus reduce
the missed diagnosis of malignant nodules.

In conclusion, the Mayo model fit the Chinese cohort
population poorly, and improvement was not obvious
after calibration. When the backward stepwise regression
method was employed to establish a new model to
differentiate the benign from malignant lung nodules, the
model had good prediction performance and was
especially superior to the original and revised Mayo
models. Lung cancer diagnosis systems were constructed to
rapidly discriminate and diagnose benign and malignant
pulmonary CT nodules.
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