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Abstract

Background The goal of the present study was to differen-
tiate between benign and malignant solitary pulmonary nod-
ules (SPN) by developing a mathematical prediction model.

Methods Records from 371 patients (197 male, 174
female) with SPN between January 2000 and September
2009 were reviewed (group A). Clinical data were col-
lected to estimate the independent predictors of malignancy
of SPN with multivariate logistic regression analysis. A
clinical prediction model was subsequently developed.
Between October 2009 and May 2011, data from an
additional 145 patients with SPN were used to validate this
new clinical prediction model (group B). The same data
were also estimated with two previously published models
for comparison with our new model.

Results The median patient age was 57.1 years in group
A; 54% of the nodules were malignant and 46% were
benign. Logistic regression analysis identified six clinical
characteristics (age, diameter, border, calcification, spicu-
lation, and family history of tumor) as independent pre-
dictors of malignancy in patients with SPN. The area under
the receiver operator characteristic (ROC) curve for our
model (0.874 £ 0.028) was higher than those generated
using the other two reported models. In our model, sensi-
tivity = 94.5%, specificity = 70.0%, positive predictive
value = 87.8%, and negative predictive value = 84.8%).

Conclusions Age, diameter, border, calcification, spicu-
lation, and family history of tumor were independent pre-
dictors of malignancy in patients with SPN. Our prediction
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model was sufficient to estimate malignancy in patients
with SPN and proved to be more accurate than the two
existing models.

Introduction

Solitary pulmonary nodules (SPN), usually incidentally
discovered on a chest radiograph or chest computed
tomography (CT) scan performed for any reason are the
most common manifestation of lung cancer [1]. Detecting
and diagnosing SPN is critical, as early identification of
malignant nodules is crucial to the chance for successful
treatment. Solitary pulmonary nodules, however, are usu-
ally small, located deep in the pulmonary parenchyma, and
often yield atypical imaging findings. While researchers are
seeking advanced image techniques [2—6], more and more
clinicians have stressed that in addition to the radiographic
and image characteristics, such as size, edge, or contour,
clinical information such as age and smoking history
should also be factored into the decision of whether a
nodule is benign or malignant. Confronting such massive
data, clinical experience and judgment may not be repro-
ducible or reliable, whereas a quantitative model might
have advantages in accuracy and reproducibility, will not
be uninfluenced by personal judgment, and can provide
outcome exchange ability.

With these advantages in mind, researchers began to
suggest that a clinical prediction equation has the potential
to facilitate clinical decision making [7-12]. One widely
cited prediction model was proposed by Swensen et al.
[8, 9] at the Mayo Clinic, who have reported that the
capability of a mathematical model in judging the char-
acteristics of SPN is similar to the clinical judgment of
experienced physicians. Nevertheless, one of the
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limitations in their model is that 12% of the patients did not
have a final diagnosis. Recently, Gould et al. [10] at
Department of Veterans Affairs (VA) Cooperative Study
reported an excellent agreement between the predicted
probability and the observed frequency of malignant SPN.
Their area under the curve of the receiver operator char-
acteristic (ROC) is 0.79 (95% Confidence Interval [95%
CI], 0.74-0.84). However, their model requires external
validation in an independent cohort of patients with SPN,
their clinical predictors are relatively small, and they were
unable to evaluate spiculation and a remote history of ex-
trathoracic cancer.

To improve the accuracy of the model, systematic and
comprehensive clinical and imaging data collection with
specific diagnoses is needed. Mery et al. [13] reported that
age, tumor size, smoking history, and time of smoking
cessation were independent factors, and Zhang [14]
reported patient age, tumor size, and CT imaging were
independent factors. The differences in the independent
factors emphasize the significance of the source of the data
(i.e., foreign versus domestic clinical data). In the present
study, we aimed to develop a prediction model for patients
with SPN based on a comprehensive data collection and
thorough analysis.

Materials and methods
Clinical data

Between January 2000 and September 2009, medical
records from 405 patients with a radiographic diagnosis of
SPN were reviewed. Of these, 9 were excluded because
data were incomplete and 25 were excluded because of a
history of pulmonary or extrapulmonary malignancy in
5 years. In total, 371 cases were enrolled to create a
mathematical model (group A). Clinical data collected
include age of the patient, gender, smoking history, history
of cancer, family history of cancer, calcification, spicula-
tion, lobulation, pleural retraction, clear border, cavity,
vascular convergence, tumor site (upper lobe or lower lobe,
left or right), and diameter of tumor.

Clinical data were also collected from an additional 150
patients with a radiographic diagnosis of SPN between
October 2009 and May 2011. Of these, 5 cases were excluded
because of a history of pulmonary or extrapulmonary malig-
nancy in 5 years. In total, 145 cases were enrolled to test the
constructed mathematical model (group B).

Surgical procedure

All patients included in groups A and B underwent surgical
resection of pulmonary nodules, after which a definitive

pathologic diagnosis of an SPN as benign or malignant was
established. Surgical procedures included tumor enucle-
ation, pulmonary wedge resection, and lobectomy.

Statistical analysis

SPSS13.0 software (2004, IBM, Armonk, NY) was used
for statistical analysis. For single factor analysis, the
information for group A was analyzed to identify all factors
affecting the probability of malignancy for SPN. Multi-
variate logistic regression was then performed to select
independent predictive factors. A mathematical model for
SPN was subsequently devised based on the results of the
multivariate logistic regression. Receiver operator charac-
teristic curves were created and the areas under the curves
were calculated. Appropriate cut-off points were deter-
mined and the sensitivity, specificity, positive predictive
value, and negative predictive value were calculated. A
p value < 0.05 was considered statistically significant.

Results

Pathology revealed 142 cases of benign disease (38.3%)
and 229 cases of malignant disease (61.7%) in group A,
and 47 cases of benign disease (32.4%) and 98 cases of
malignant disease (67.6%) in group B. There was no sig-
nificant statistical difference in age, sex, or nodule diameter
between the two groups (p > 0.05).

Univariate and multivariate analyses

The univariate analysis results are shown in Table 1. There
were significant differences in age, smoking history and
smoking, family history of cancer, calcification, spiculation,
lobulation, pleural retraction sign, clear border, and maximum
tumor diameter between the benign and malignant SPN
patients. Of these, age, family history of cancer, spiculation,
calcification, clear border of SPN, and maximum tumor
diameter in benign and malignant SPN were identified as
independent risk factors for malignant and benign SPN
through multivariate logistic regression analysis (Table 2).

Model construction

The following formula was employed to describe the
malignant probability:
p=¢/(1+¢€),x=—4496 + (0.07 x Age)

+ (0.676 x diameter) + (0.736 x spiculation)

+ (1.267 x family history of cancer)

— (1.615 x calcification) — (1.408 x border),
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Table 1 Univariate analysis of data collected from patients
included in group A

Benign Malignant p Value

Age, years 48.0 = 14.6 612 £ 13.1 <0.001
Diameter, cm 1.72 £ 0.76 213 £0.73 <0.001
Gender

Male 72 (50.7%) 125 (54.6%) 0.467

Female 70 (49.3%) 104 (45.4%)
Smoking history

No 96 (67.6%) 119 (52.0%) 0.003
Smoking quantity, 169.8 £+ 328.3 260.6 £ 410.3 0.026

pieces/year
Family history of cancer

No 135 (95.1%) 200 (87.3%) 0.014
Previous cancer history

No 140 (98.6%) 222 (96.9%) 0.512
Calcification

No 124 (87.3%) 220 (96.1%) 0.002
Spiculation

No 124 (87.3%) 149 (65.1%) <0.001
Lobulation

No 123 (86.6%) 170 (74.2%) 0.004
Pleural retraction sign

No 123 (86.6%) 165 (72.1%) 0.001
Clear border

No 74 (52.1%) 197 (86.0%) <0.001
Cavity

No 128 (90.1%) 202 (88.2%) 0.564
Vascular convergence

No 136 (95.8%) 209 (91.3%) 0.098
Position

Upper lobe 67 (47.2%) 131 (57.2%) 0.06

Lower lobe 75 (52.8%) 98 (42.8%)

Left side 63 (44.4%) 94 (41.0%) 0.53

Right side 79 (55.6%) 135 (59.0%)

where e is the natural logarithm, and the value for the last
four elements, i.e., family cancer history, calcification,
spiculation, and border, equals 1 if the element exists, and
0 otherwise.

The clinical data of the 371 cases included in group A
were used in the mathematical model to calculate a pre-
dicted probability of malignancy for all patients. A p value
of 0.463 was ultimately selected as a cut-off point and
p values > 0.463 should be considered malignant disease
and p < 0.463 should be considered benign.

Model validation

Clinical data of the patients in group B were then used to
test the accuracy of the model by comparing the calculated
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Table 2 Multivariate logistic regression analysis

Factor Regression  p Value Odds 95%
coefficient Ratio Confidence
value Interval
Lower Upper
Age 0.070 <0.001 1.073 1.050 1.096
Diameter 0.676 <0.001  1.966 1.379 2.803
Family 1.267 0.016  3.550 1.264  9.968
history of
cancer
Calcification ~ —1.615 0.00 0.199 0.067 0.587
Spiculation 0.736 0.035 2.088 1.055 4.135
Clear border  —1.408 <0.001 0.245 0.133 0451
Constant —4.496 <0.001 0.011

result (p value) with the pathology results; ROC curves
were then created (Fig. 1). The area under the ROC curve
was 0.874 £ 0.028. The sensitivity of this model for group
B was 94.5%, the specificity was 70.0%, the positive pre-
dictive value was 87.8%, and the negative predictive value
was 84.8%.

In addition, two established foreign mathematical
models were tested using group B data, the Mayo model [4]
and the VA model [5].

The mayo model

Independent factors in the Mayo model were age, smoking
history, cancer history, diameter, spiculation, and site in
left side. The calculation was based on the formula

p=e/(1 +e)

where x = —6.8272 + (0.0391 x age) + (0.7917 x smok-
ing history) 4+ (1.3388 x cancer history) + (0.1274 x
diameter) + (1.0407 x spiculation) + (0.7838 x the upper

lobe). The area under the ROC curve of group B was
0.784 +£ 0.038 (Fig. 2).

The VA group model

For the VA model, independent factors were age, smoking,
tumor diameter, and time of smoking cessation. The
equation was

p=e/(1l+e)

where x = —8.404 4 (2.061 x smoking history) + (0.779
x age) + (0.112 x diameter) — (0.567 x time of smoking
cessation). The area under the ROC curve of group B was
0.754 £ 0.040 (Fig. 3).

The area under the ROC curve of the mathematical
model created in the present study was significantly higher
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Fig. 1 Receiver operator characteristic (ROC) curve generated using
our proposed model
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Fig. 2 Receiver operator characteristic curve generated using the
Mayo model

than the other two foreign forecasting models (p < 0.05),
as described in Table 3 and Figure 4.
Discussion

Solitary pulmonary nodule evaluation is a mathematical
tool of major interest to clinicians. It provides a

Fig. 3 Receiver operator characteristic curve generated using the VA
model. Diagonal segments are produced by ties

conventional method for establishing a prediction model
after univariate and multivariate regression analysis. Up
until now, such mathematical models have all been studied
retrospectively. The present work is also a retrospective
study; however, to surpass the previous works, it gives the
most comprehensive data collection of both clinical and
imaging information, with a definitive pathology diagnosis
for each patient. This has never been done in any of the
studies reported to date, and it cannot be achieved by
prospective study. Because all the patients were patho-
logically diagnosed through surgical treatment, only the
retrospective method can get such accurate results. Multi-
variate regression analysis for modeling is widely used for
this kind of research, and we followed this classic method
without much improvement. Thus our model is more
accurate because it is based on comprehensive and sys-
tematic data collection, especially with a clinical patho-
logic diagnosis. Evidenced by the ROC curves and
compared with the widely accepted models, the more
comprehensive the data collected, the more reliable the
model will be.

Among the independent factors determined by multi-
variate analysis, age [8], nodule diameter [12—15], calcifi-
cation [3-6], spiculation [7], and border [16] have been
reported before, but family history of cancer is a new
independent factor that has not been studied yet. Although
malignant tumor has not been demonstrated to show any
specific genetic characteristic, several researchers [17-21]
whose studies have been published in the past decade have
indicated that tumorigenesis might be a compound result of
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Table 3 Comparison of the receiver operator characteristic (ROC)
curves of three mathematical models analyzed in this study

Model Area under Standard p Value 95% CI
the curve error
(AUC) Lower Upper
This study 0.874 0.028 0.000 0.809 0.923
Mayo model [9] 0.784 0.038 0.004 0.708 0.848
VA model [10] 0.754 0.040 0.002 0.675 0.821
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Fig. 4 Comparison of ROC curves generated using the three models
analyzed in this study, the area under ROC curve of our new model is
significantly higher than that of the Mayo and VA models. Diagonal
segments are produced by ties

genetic and environmental factors; i.e., cancer arises from a
genetic predisposition and is stimulated by environment
influences. This topic has attracted considerable attention
in recent years. We believe that a genetic susceptibility to
cancer or a hereditary predisposition to cancer could sig-
nificantly increase the malignancy probability in patients. It
provides us another consideration to evaluate SPN.

In addition, it has been reported [3] that smoking and
nodule location are independent factors in malignancy of
SPN. In the present study, however, both have been proved
to be dependent factors. It is possible that there were more
patients with adenocarcinoma in the present study. The
relationship between smoking and adenocarcinoma is not
as clear as that with squamous cell carcinoma. Alterna-
tively, all of the patients in this study underwent a surgical
procedure to obtain a pathologic diagnosis. Some non-
smoking SPN patients whose SPN were determined to be
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benign did not undergo operation and were not included in
this study. The ratio of non-smoking patients with benign
nodules in our group decreased correspondingly, so whe-
ther a history of smoking is significantly associated with
malignancy in patients with SPN requires further study. As
for nodule location, there were a high number of patients in
this group with tuberculosis, which is known to occur in the
upper lobe. Also, in China, the incidence of tuberculosis is
higher than that in Western countries. This study suggests
that there is no significant correlation between nodule
location and the probability of malignancy of SPN.

The model was well fitted to the independent cohort of 145
patients seen from October 2009 to May 2011, whichis a good
demonstration of the accuracy of the prediction model. In
addition, we compared our model with two previously pub-
lished models [9, 10]. For the three models tested, the area
under the ROC curve was 0.874, 0.784, and 0.754, and there
were significant differences among the three groups. The
larger the area under the curve, the more accurate the math-
ematical model appeared. Based on this assertion, the new
model described herein was significantly better than the
existing formulae. Moreover, the cut-off value for the model
was obtained by calculating the optimum sensitivity and
specificity. p values > 0.463 should be considered malignant
disease and p < 0.463 should be considered benign. The
sensitivity of this model was 94.5%, the specificity was
70.0%, the positive predictive value was 87.8%, and negative
predictive value was 84.8%.

In conclusion, age of patient, diameter, border, calcifi-
cation, spiculation, and family history of tumor were
independent predictors of malignancy in patients with SPN.
The devised prediction model was more accurate than two
previously described models and was able to predict
malignancy in patients with SPN. Although the mathe-
matical models provide an objective basis for judging the
character of SPN, it remains a clinical tool in that it cannot
be used as a substitute for a pathologic diagnosis. Previous
reports have indicated that the possibility of malignancy in
patients with SPN is very high (80% or more) [22-24]. As
patient age increases, the possibility of malignancy also
increases significantly. Therefore, clinicians need to seri-
ously consider all SPN, especially in patients with the six
risk factors noted above.
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