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Abstract
Objectives To develop and validate a concise prediction model using simple size measures for the discrimination of invasive
pulmonary adenocarcinomas (IPAs) among incidentally detected subsolid nodules (SSNs) considered for resection and to
compare its diagnostic performance with the Brock model.
Methods This retrospective institutional review board-approved study included 427 surgically resected SSNs (121 preinvasive
lesions/minimally invasive adenocarcinomas [MIAs] and 306 IPAs) from 407 patients. After stratified random splitting of the
study population into the training and validation sets (3:1), a simple logistic model was constructed using nodule size, solid
proportion, and type for the differentiation of IPAs. Diagnostic performance of this model was compared with the original and
modified Brock models using the DeLong method for area under the receiver-operating characteristic curve (AUC) and
McNemar test for diagnostic sensitivity and specificity.
Results Our proposedmodel had anAUC of 0.859 in the validation set, while the original Brock model showed an AUC of 0.775
(p = 0.035) and the modified Brock model exhibited an AUC of 0.787 (p = 0.006). At equally high specificity of 90%, our
proposed model exhibited significantly higher sensitivity (65.8%) than the original and modified Brock models (38.2% and
50.0%; p < 0.001 and 0.008, respectively).
Conclusions Our study results demonstrated that the proposed concise model outperformed both Brockmodels, demonstrating its
potential to be utilized as a specific tool to differentiate IPAs from preinvasive lesions and MIAs, which were considered for
resection. External validation studies are warranted for the population with incidentally detected SSNs including small SSNs to
confirm our observations.
Key Points
• Size measures provided sufficient information for the risk stratification of surgical candidate incidental subsolid nodules.
• Our proposed concise model showed higher diagnostic performance than the Brock model for incidentally detected subsolid
nodules.

•Our proposed model can specifically differentiate invasive adenocarcinomas among incidentally detected subsolid nodules and
reduce overtreatment for indolent subsolid nodules.
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Abbreviations
AAH Atypical adenomatous hyperplasia
AIS Adenocarcinoma-in-situ
AUC Area under the receiver-operating characteristic curve
BTS British Thoracic Society
IPA Invasive pulmonary adenocarcinoma
MIA Minimally invasive adenocarcinoma
NPV Negative predictive value
PPV Positive predictive value
PSN Part-solid nodule
ROC Receiver-operating characteristic
SSN Subsolid nodule

Introduction

In the management of persistent subsolid nodules (SSNs),
differentiation of invasive pulmonary adenocarcinomas
(IPAs) from preinvasive lesions and minimally invasive ade-
nocarcinomas (MIAs) are of great clinical significance for the
following reasons. First, preinvasive lesions and MIAs are
candidates for sublobar resection whereas IPAs are not [1,
2]. Second, the necessity of immediate surgical resection
may be obviated in cases of preinvasive lesions and MIAs,
which can remain stable over several years [3, 4]. In addition,
although sublobar resection may have less morbidity com-
pared with lobectomy, previous studies have shown that peri-
operative morbidity was not negligible (7–19%) [5, 6].
Therefore, in this context, CT surveillance for potentially in-
dolent lesions may be a more reasonable approach.

At present, the British Thoracic Society (BTS) suggests
risk calculations using the Brock model, a relatively complex
tool that requires nine inputs, for the management of both
screening- and incidentally detected SSNs [7] even though it
is at odds with the actual clinical context in certain situations.
Specifically, differentiation of adenocarcinoma in situ (AIS),
which is considered a malignancy in the Brockmodel [8], may
not be of much interest to clinicians and radiologists, as AIS
does not require immediate therapeutic intervention.
Furthermore, the reported proportion of IPAs among persis-
tent, incidental SSNs has been shown to be significantly
higher than the 2.9% reported with the original Brock model
[8–11]. Therefore, the diagnostic performance of the Brock
model may be limited in the setting of incidentally detected
persistent SSNs, leaving an unmet need for a prediction model
that can specifically discriminate IPAs among incidental
SSNs.

One of the key elements for the evaluation of SSNs is solid
portion size [12]. Several studies have revealed that the solid
portions in part-solid nodules (PSNs) are well correlated with
the pathologic invasive adenocarcinoma component [10, 13,
14]. However, the Brock model does not incorporate solid
portion size as an input variable; thus, the BTS recommends

that the solid component be considered to refine the estimate
of malignancy [7]. Nevertheless, until now, there have been no
concrete suggestions or recommended cutoff points for the
assessment of the solid component of PSNs [7].

In this study, we hypothesized that a concise prediction
model using only size measures such as nodule size and solid
portion size would be a sufficient alternative to the Brock
model for the risk stratification of incidental SSNs, particular-
ly in terms of discriminating IPAs from other potential surgical
candidates. Thus, we aimed to develop and validate a concise
model using size measures to specifically differentiate IPAs
from other incidental SSNs and to compare its diagnostic per-
formance with the original and modified Brock models.

Methods

This retrospective observational study was approved by the
Institutional Review Board of Seoul National University
Hospital, and the requirement for written informed consent
was waived.

Study participants

Patients who underwent surgical resections for lung cancer at
a tertiary referral hospital between 2011 and 2015 were retro-
spectively identified. Among 1915 lung cancer patients, 522
had SSNs of the adenocarcinoma spectrum including atypical
adenomatous hyperplasia (AAH), AIS, MIA, and IPA.
Among them, 76 patients with nodules < 5 mm or > 3 cm
and 39 patients whose family history of lung cancer (one of
the input variables of the Brock model) were not available
were excluded. Consequently, 407 patients finally comprised
our study population. Among these patients, 18 had 2 nodules
and 1 patient had 3 nodules. Therefore, a total of 427 nodules
from 407 patients were analyzed in the present study
(Table 1). There were 18 AAHs, 50 AIS, 53 MIAs, and 306
IPAs.

Part of the study population was reported in past studies
[15–19]. However, none of those studies focused on the com-
parison of diagnostic performances between the prediction
models, and the topics were completely different from that
of the present study.

Data collection

Clinical variables (sex, age, and family history of lung cancer)
and pathologic diagnoses were collected from the electronic
medical records. Nodule characteristics (nodule size, solid
portion size, location, type [pure ground glass vs. part solid],
spiculation, and nodule count per scan) and the presence of
emphysema were evaluated on preoperative thin-section chest
CT scans by three radiologists (J.P., W.H.L., and H.K.) who
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were blinded to the pathologic diagnosis. Each nodule was
then analyzed once by one of the radiologists. Median interval
between CT scan and surgery was 6 days (interquartile range,
1–25 days).

Longest diameter of the nodule and its solid portion (in
cases of PSNs) were measured on the lung window setting
of CT scans using an electronic caliper at a picture archiving
and communication system. The solid proportion was then
calculated by dividing the solid portion size by the nodule
size. Nodule type was also determined on the lung window
setting according to the definition established by the
Fleischner society [20, 21].

Pathologic diagnosis

Pathologic diagnoses were used as the reference standard and
were determined by the attending pathologists of our hospital
as part of the routine clinical process according to the 2011
lung adenocarcinoma classification described by the
International Association for the Study of Lung Cancer/
American Thoracic Society/European Respiratory Society
[22]. That is, the pathologic specimens of the study population
were not reviewed again particularly for this study. In our
institution, 10% buffered formalin was infused to inflate and
fix all surgical specimens containing SSNs via the transpleural

and transbronchial approach to precisely measure the invasive
adenocarcinoma component [10].

Statistical analysis

Clinico-radiologic variables were compared between
preinvasive lesions/MIAs and IPAs using the Mann-Whitney
U test for continuous variables and the chi-square test or
Fisher’s exact test for categorical variables.

Thereafter, the study population was partitioned into a
training set (321 nodules; 91 preinvasive lesions/MIAs and
230 IPAs) and a validation set (106 nodules; 30 preinvasive
lesions/MIAs and 76 IPAs) using stratified random sampling
(see also Electronic Supplementary Material for the 1000-
times repeated random splitting and its results). The original
Brock model published by McWilliams et al [8] was initially
tested for both data sets, and the model-predicted probability
for IPAs was recorded. Then, the beta coefficients of the lo-
gistic regression model were adjusted to our study population
(hence, the modified Brock model) by fitting the model to our
training set. This approach was adopted to guarantee a fair
comparison between the Brock model and our proposed mod-
el. This modified Brock model was validated using the vali-
dation set, which was unseen data to test the model’s perfor-
mance. Finally, the proposed model was developed using

Table 1 Demographic and clinico-radiologic characteristics of subsolid nodules

Variable Subcategory Preinvasive lesion
and MIA (n = 121)

Invasive adenocarcinoma
(n = 306)

Total (n = 427) p valueb

Sex Male 50 (41.3) 133 (43.5) 183 (42.8) 0.687

Female 71 (58.7) 173 (56.5) 244 (57.1)

Age (years)a 58 (52, 66) 63 (56, 70) 61 (54, 69) < 0.001

Nodule size (mm)a 11.9 (9.2, 15.4) 17.4 (13.2, 22.2) 15.7 (11.7, 20.9) < 0.001

Solid portion size (mm)a 0 (0, 4.0) 7.9 (4.1, 13.6) 5.4 (1.9, 11.1) < 0.001

Solid proportion (%)a 0 (0, 29.7) 50.4 (27.9, 65.1) 38.7 (13.3, 61.2) < 0.001

Nodule type Pure ground glass 69 (57.0) 37 (12.1) 106 (24.8) < 0.001

Part solid 52 (43.0) 269 (87.9) 321 (75.2)

Location Upper lobe 70 (57.9) 189 (61.8) 259 (60.7) 0.456

Other lobes 51 (42.1) 117 (38.2) 168 (39.3)

Family history of lung cancer Yes 3 (2.5) 13 (4.2) 16 (3.7) 0.573

No 118 (97.5) 293 (95.8) 411 (96.3)

Emphysema Yes 13 (10.7) 31 (10.1) 44 (10.3) 0.851

No 108 (89.3) 275 (89.9) 383 (89.7)

Nodule count per scana 3 (1, 6) 3 (1, 5) 3 (1, 5) 0.528

Spiculation Yes 13 (10.7) 125 (40.8) 138 (32.3) < 0.001

No 108 (89.3) 181 (59.2) 289 (67.7)

Unless otherwise specified, data are numbers of patients (with percentages in parentheses)
a Data are median (with interquartile range in parentheses) MIA minimally invasive adenocarcinoma
bClinico-radiologic variables were compared between preinvasive lesions/MIAs and invasive adenocarcinomas using the Mann-Whitney U test for
continuous variables and the chi-square test or Fisher’s exact test for categorical variables
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logistic regression analysis with input variables of nodule size,
solid proportion, and nodule type. Solid proportion was used
instead of solid portion size as the solid portion size had a
linear relationship with nodule size. Variable selection was
not conducted, and the enter method was used as these fea-
tures were demonstrated to have a substantial association with
the invasiveness of SSNs [18, 21]. All values were not pre-
processed. This concise prediction model was trained using
the training set and validated using the validation set. After
acquisition of the predicted probability for IPAs of these three
models, receiver-operating characteristic (ROC) curve analy-
sis was performed, and the area under the ROC curve (AUC)
of each prediction model was calculated. The AUC of the
proposed model was then compared with the original and
modified Brock models using the method described by
DeLong et al [23].

Model performance was also assessed in terms of diagnos-
tic sensitivity, specificity, accuracy, positive predictive value
(PPV), and negative predictive value (NPV). For comparison,
cutoff values that provide a high sensitivity (89.5%) and high
specificity (90%), respectively, were determined for each
model. Thereafter, specificity was compared between the
models using the McNemar test in the setting of equally high
sensitivity (89.5%) and sensitivity in the setting of equally
high specificity (90%). Additionally, to investigate the varying

diagnostic sensitivities and specificities depending on the cut-
off values, empirical cutoff points of 0.7 and 0.8 were applied
to the models, and performance measures were calculated.

Model calibration was evaluated using the Hosmer-
Lemeshow test for the ten probability groups (deciles).
Finally, decision-curve analysis was performed to quantify
and compare the clinical usefulness of the models [24, 25].

Fig. 1 Distribution of nodule size. Violin plots describe the distribution of
nodule size in terms of kernel density estimation according to size with
internal box plots. Median size of the preinvasive lesions and MIAs
(median, 11.9 mm; interquartile range, 9.2–15.4 mm) was smaller than
that of invasive adenocarcinomas (median, 17.4 mm; interquartile range,
13.2–22.2mm). However, discrimination solely based on nodule size was
not feasible given the wide range of sizes in both diagnostic categories.
MIA, minimally invasive adenocarcinoma

Fig. 2 Distribution of probabilities for subsolid nodules. There was
considerable overlap in the predicted probabilities between preinvasive
lesions/minimally invasive adenocarcinomas and invasive
adenocarcinomas for the original Brock model (a). The extent of
overlap decreased for the modified Brock model (b) and the proposed
model (c)
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Decision-curve analysis is a simple approach that calculates
the net benefits (NBs) across a range of thresholds. NB is
determined as follows:

NB ¼ True positive−w� False positive

Total number of patients

where w is the weight equal to the odds of the cutoff [24, 25].
All above-mentioned analyses were conducted on a per

nodule basis and within patient correlation or the cluster-
ing effect was not considered given the fact that each
nodule among multiple SSNs was considered an indepen-
dent event [26]. All statistical analyses were performed
using a commercial software program (MedCalc version
12.3.0, MedCalc Software) and R software, version 3.1.0
(http://www.R-project.org; package: caret, ROCR, and
PredictABEL). P < 0.05 was considered to indicate
statistical significance and, as stated previously, patients
with missing variables were excluded from analysis and
their data were not imputed.

Results

Comparison of variables between preinvasive
lesions/MIAs and IPAs

There were 121 preinvasive lesions/MIAs and 306 IPAs.
Patients with IPAs were significantly older (median, 63 years)
than those with preinvasive lesions/MIAs (median, 58 years;
p < 0.001). IPAs were significantly larger in terms of whole
nodule size (median, 17.4 vs. 11.9 mm; p < 0.001; Fig. 1) and
solid portion size (median, 7.9 vs. 0 mm; p < 0.001) than

preinvasive lesions/MIAs. In addition, IPAs were more
spiculated (40.8% vs. 10.7%; p < 0.001) and were more likely
to be part solid (87.9% vs. 43.0%; p < 0.001). There were no
significant differences in sex, lesion location, family history of
lung cancer, presence of emphysema, and nodule count per
scan (all p > 0.05; Table 1).

Diagnostic performance of the prediction models

There was considerable overlap in the model-predicted prob-
abilities between preinvasive lesions/MIAs and IPAs for the
original Brock model (Fig. 2a). The extent of overlap of the
probabilities was smaller in the modified Brock model (Fig.
2b) and the proposed model (Fig. 2c).

To assess diagnostic performance, the original Brock mod-
el was applied to the training set as well as to the validation
set. AUCs were 0.795 and 0.775, respectively. The modified
Brock model, of which the regression coefficients were ad-
justed and fitted to the current study population of incidental
SSNs (Table 2), exhibited an AUC of 0.844 in the training set.
However, the AUC of the modified Brock model dropped to
0.787 in the validation set, which was indicative of overfitting.
Our proposed model (Table 2) had AUCs of 0.843 in the
training set and 0.859 in the validation set. This simple model
showed significantly higher diagnostic performance than the
original or modified Brock models (p = 0.035 and 0.006,
respectively; Table 3; see ROC curves in Fig. 3) for the vali-
dation set.

At equally high sensitivity (89.5%), the original Brock
model provided a specificity, accuracy, PPV, and NPV of
53.3%, 79.2%, 82.9%, and 66.7%, respectively. The modified
Brock model exhibited a specificity, accuracy, PPV, and NPV
of 43.3%, 76.4%, 80.0%, and 61.9%, respectively. In

Table 2 Modified Brock model and the proposed model for risk prediction of pulmonary subsolid nodules

Variable Modified Brock model Proposed model

Odds ratio (95% CI) p value Beta coefficient Odds ratio (95% CI) p value Beta coefficient

Sex: female vs. male 0.57 (0.30, 1.09) 0.094 -0.5538 - - -

Age: per year 1.01 (0.98, 1.05) 0.398 0.0140 - - -

Upper lobe: yes vs. no 1.02 (0.55, 1.88) 0.951 0.0194 - - -

Family history of lung cancer: yes vs. no 1.53 (0.30, 10.34) 0.6311 0.4276 - - -

Emphysema: yes vs. no 0.69 (0.25, 1.98) 0.475 -0.3773 - - -

Nodule count per scan, per each additional
nodule

0.97 (0.91, 1.03) 0.253 -0.0356 - - -

Spiculation: yes or no 3.52 (1.50, 9.39) 0.006 1.2588 - - -

Nodule size 1.13 (1.07, 1.21) < 0.001 0.1250 1.16 (1.09, 1.24) < 0.001 0.1475

Nodule type: part solid vs. pure ground glass 5.60 (2.96, 10.83) < 0.001 1.7224 1.69 (0.61, 4.69) 0.311 0.5248

Solid proportion per percentage - - - 1.03 (1.01, 1.05) 0.003 0.0303

Model constant -2.7071 -2.5745

CI confidence interval
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comparison, the proposed model showed a specificity, accu-
racy, PPV, and NPV of 50.0%, 78.3%, 81.9%, and 65.2%,
respectively. No significant differences in specificity between
the proposed and Brock models were observed (p = 1.000 and
0.500).

At equally high specificity (90%), the proposed model
exhibited significantly higher sensitivity (65.8%) than the
original and modified Brock models (38.2% and 50.0%;
p < 0.001 and 0.008, respectively). Diagnostic accuracies,
PPVs, and NPVs were 52.8%, 90.6%, and 36.5% for the
original Brock model and 61.3%, 92.7%, and 41.5% for
the modified Brock model, respectively. Diagnostic accu-
racy, PPV, and NPV were 72.6%, 94.3%, and 50.9% for
the proposed model, respectively. Prevalence of IPA was
71.7% (76/106) in the validation set.

At an empirical cutoff of 0.7, the proposed model dem-
onstrated a sensitivity, specificity, accuracy, PPV, and
NPV of 81.6%, 76.7%, 80.2%, 89.9%, and 62.2%, respec-
tively. The diagnostic sensitivity and specificity of the

models varying according to the cutoff values are shown
in Table 4.

Model calibration

The original Brock model showed poor calibration (p < 0.001;
Fig. 4a), whereas the modified Brock model (p = 0.149;
Fig. 4b) and proposed model demonstrated adequate calibra-
tion (p = 0.552; Fig. 4c).

Decision curve analysis

Across a range of cutoff values, the proposed model exhibited
the largest NBs as shown in Fig. 5. At a cutoff of 0.7, NBs
were 43.1% for the proposed model, 28.6% for the modified
Brock model, and 2.8% for the original Brock model. At a
cutoff of 0.8, NBs were 34.9% for the proposed model, 22.6%
for the modified Brock model, and 0% for the original Brock
model.

Table 3 Performance of the three
prediction models for
discrimination of invasive
pulmonary adenocarcinomas

Model Training set Validation set

AUC 95% CI p valuea AUC 95% CI p valuea

Original Brock model 0.795 0.747, 0.838 0.019 0.775 0.669, 0.882 0.035

Modified Brock model 0.844 0.800, 0.882 0.944 0.787 0.697, 0.861 0.006

Proposed model 0.843 0.798, 0.881 0.859 0.778, 0.919

AUC area under the receiver-operating characteristic curve, CI confidence interval
a AUC of the proposed model was compared to those of the Brock models using the DeLong method [23]

Fig. 3 Receiver-operating
characteristic curves for the
discrimination of IPAs. The
simple proposed model showed
higher discriminative
performance (AUC, 0.859) than
the original (AUC, 0.775) and
modified Brock models (AUC,
0.787). AUC, area under the
curve; IPA, invasive pulmonary
adenocarcinoma
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Discussion

Our study demonstrated that the newly proposed model
using simple size measures showed higher diagnostic per-
formance for the discrimination of IPAs among incidentally
detected SSNs that were recommended to be resected than
the original or modified Brock models, providing higher

sensitivity (65.8% vs. 38.2%–50%) at the same specificity
of 90%.

Considering that the PPV of our proposed model was
94.3%, this model developed to differentiate IPAs may be
used to mitigate the overtreatment of SSNs considered to be
surgical candidates. Indeed, overdiagnosis and overtreatment
have long been issues in lung cancer screening studies [27]. A

Table 4 Performance measures
of the three prediction models
according to cutoff values

Model Cutoff Sensitivity Specificity Accuracy PPV NPV

Original Brock model 0.1a 81.6 56.7 74.5 82.7 54.8

0.7 3.9 100 31.1 100 29.1

0.8 0 100 28.3 N/A 28.3

Modified Brock model 0.1a 100 0 71.7 71.7 N/A

0.7 82.9 53.3 74.5 81.8 55.2

0.8 73.7 73.3 73.6 87.5 52.4

Proposed model 0.1a 100 0 71.7 71.7 N/A

0.7 81.6 76.7 80.2 89.9 62.2

0.8 64.5 90.0 71.7 94.2 50.0

Performance measures are in percentages

NPV negative predictive value, PPV positive predictive value
a A cutoff of 10% predicted probability was used as suggested by the British Thoracic Society for the original
Brock model [7]
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substantial portion of screening-detected lung cancers were
shown to be indolent with 20–25% of cancers detected esti-
mated to be overdiagnosed [27]. We believe that these issues
would have equivalent importance for incidental SSNs, a sub-
set of which may not show invasive growth over years of
follow-up [28] with no reported difference in prognosis even
after observation [4]. Therefore, treatment for indolent SSNs
should be determined on the basis of a comprehensive evalu-
ation of life expectancy, patient apprehension, and the likeli-
hood of malignancy. One concern regarding the newly pro-
posed model, however, may be its low NPV (50.9%). Yet,
although some IPAs might be missed at initial risk calculation,
follow-up for SSNs with solid portions ≥ 6 mm at 3–6-month
intervals would be able to safely identify IPAs that should be
excised [3]. Increases in nodule size, solid portion size, or
attenuation, which are indicators of IPAs for SSNs, can be
monitored at follow-up CT scans [12].

The Brock model incorporates various clinico-radiologic
variables of which the full model includes nine features. As
analyzed in our study, statistical significance was not observed
for nodule location, family history of lung cancer, emphyse-
ma, and nodule count per scan between preinvasive lesions/
MIAs and IPAs. This lack of statistical power may be partly
due to the number of the study population. However, variables
such as emphysema and nodule count have little biologic and
epidemiologic background for SSNs as explanatory variables.

In addition, although some controversy remains, Smith et al
[29] reported that no significant association between lung ad-
enocarcinoma and emphysema was observed (adjusted odds
ratio, 1.0) when other histologies were censored from the
analysis.

The usage of a concise prediction model with fewer vari-
ables as in our proposed model provides benefits in terms of
practicality as missing clinical information in routine practice
often limits the application of the patient data to a model
requiring multiple variables. In addition, complicated models
may be subject to multiple sources of variation during data
acquisition as well as overfitting when applied to an indepen-
dent data set [24].

In clinical practice, the diagnosis or management of SSNs
is determined by measuring solid portion size. When the nod-
ules were classified into the two groups based on the solid
portion size cutoff of 5 mm, diagnostic performances for
IPAs were as follows: sensitivity, 72.5%; specificity, 81.0%;
accuracy, 74.9%; PPV, 90.6%; NPV, 53.8%. The low speci-
ficity implied that this criterion alone was suboptimal. In ad-
dition, it could not be applied to the pure ground-ground glass
nodules, which do not have any solid portions.

There were several limitations to this study that need to be
mentioned. First, our study was performed retrospectively and
included patients who underwent surgical resections.
Therefore, our study may not be free from selection bias.
However, analysis of the resected nodules was inevitable giv-
en the indolent nature of SSNs and the fact that even nodules
with invasive components may remain unchanged over years
of CTsurveillance. Thus, histology (reference standard) could
not be determined based on follow-up studies. Nevertheless,
we admit that our proposed model may not be directly applied
to screening-detected SSNs or small indolent SSNs, which are
not regarded as targets of surgical resections. Further investi-
gation of screening-detected SSNs or small indolent SSNs is
warranted to evaluate the performance of our model in each
clinical setting. Second, our study sample size was not calcu-
lated prior to the investigation. Nevertheless, a large retrospec-
tive cohort could be analyzed in this study. Third, radiologic
nodule information was extracted from a heterogeneous CT
data set, in which CT acquisition parameters such as radiation
dosage, slice thickness, or contrast-enhancement were not uni-
form across the study population. However, we can assume
that these factors might have had little effect on the size mea-
surements. Indeed, all CT scans had thin-section images (slice
thickness ≤ 1.5 mm), which guaranteed the adequate evalua-
tion of the ground-glass and solid components of SSNs.

In conclusion, we here propose a simple risk prediction
model using three input variables of nodule size, solid propor-
tion, and nodule type, which can be easily obtained from CT
imaging. Our results demonstrated that our proposed model
may be utilized as a specific tool to discriminate IPAs from
preinvasive lesions and MIAs, which can be followed up with

Fig. 5 Decision curves for the predicted probabilities in the validation
data set. The proposedmodel exhibited higher net benefits compared with
the original and modified Brock models for cutoffs ≥ 0.55. This implies
that additional true positives can be identified without increasing the
false-positive rate using the proposed model
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CT scans instead of immediate surgical intervention. Our
model can also be used as a more practical tool with fewer
variables than the Brock model. Further external validation of
our findings is required in a larger prospective study including
smaller SSNs.
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