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ABSTRACT

Introduction: Lung adenocarcinomas (ADCs) with a
micropapillary pattern have been reported to have a poor
prognosis. However, few studies have reported on the
imaging-based identification of a micropapillary compo-
nent, and all of them have been subjective studies dealing
with qualitative computed tomography variables. We
aimed to explore imaging phenotyping using a radiomics
approach for predicting a micropapillary pattern within
lung ADC.

Methods: We enrolled 339 patients who underwent com-
plete resection for lung ADC. Histologic subtypes and grades
of the ADC were classified. The amount of micropapillary
component was determined. Clinical features and conven-
tional imaging variables such as tumor disappearance rate
and maximum standardized uptake value on positron
emission tomography were assessed. Quantitative compu-
ted tomography analysis was performed on the basis of
histogram, size and shape, Gray level co-occurrence matrix–
based features, and intensity variance and size zone vari-
ance–based features.

Results: Higher tumor stage (OR ¼ 3.270, 95% confidence
interval [CI]: 1.483–7.212), intermediate grade (OR ¼ 2.977,
95% CI: 1.066–8.316), lower value of the minimum of the
whole pixel value (OR¼ 0.725, 95% CI: 0.527–0.98800), and
lower value of the variance of the positive pixel value
(OR ¼ 0.961, 95% CI: 0.927–0.997) were identified as being
predictive of a micropapillary component within lung ADC.
Journal of Thoracic Oncology Vol. 12 No. 4: 624-632
On the other hand, maximum standardized uptake value and
tumor disappearance rate were not significantly different in
groupswith amicropapillary pattern constituting at least 5%
or less than 5% of the entire tumor.

Conclusion: A radiomics approach can be used to interro-
gate an entire tumor in a noninvasive manner. Combining
imaging parameters with clinical features can provide
added diagnostic value to identify the presence of a
micropapillary component and thus, can influence proper
treatment planning.

� 2016 International Association for the Study of Lung
Cancer. Published by Elsevier Inc. All rights reserved.
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Introduction
Adenocarcinoma (ADC) is the most common histo-

logical subtype of lung cancer in most countries, acc-
ounting for almost half of all lung cancers.1 Because
remarkable heterogeneity exists in clinical, radiologic,
molecular, and pathologic features among ADC cases,
there remains a need for detailed classification and
universally accepted criteria for ADC. Therefore, a clas-
sification was published in 2011 by the International
Association for the Study of Lung Cancer, American
Thoracic Society, and European Respiratory Society to
support clinical practice, research investigation, and
clinical trials.2 In this revised classification, invasive lung
ADCs were divided into the five subtypes lepidic, acinar,
solid, papillary, and micropapillary patterns (MPs) pri-
marily on the basis of histologic features.2 The term
predominant is appended to all categories of invasive
ADC, as most of these tumors consist of mixtures of the
histologic subtypes.

Those tumors classified as micropapillary as a pre-
dominant subtype have been reported to have a poor
prognosis, with a tendency toward recurrence and
metastasis.3–5 Furthermore, even a small portion of MP,
specifically, less than 5% of the entire tumor, has been
reported to have a significant prognostic impact on
survival.6 This adverse prognostic effect of an MP can
influence the treatment plan. Therefore, preoperative
diagnosis of ADC with an MP is critical for appropriate
surgical planning. However, preoperative histologic ex-
amination using biopsy is derived from only a portion of
a generally heterogeneous tumor, so that the properties
of the lesion cannot be completely represented. Although
some investigations have characterized the morphologic
characteristics of tumors on computed tomography (CT)
images, these characteristics are described subjectively
and qualitatively.7,8 We conducted a study to find
quantitative CT features allowing us to discriminate an
MP by adopting a radiomics approach. Radiomics refers
to the extraction and analysis of large amounts of
advanced quantitative imaging features reflecting
radiologic spatial distributions within a tumor, and it has
been expected to provide descriptive and predictive
models relating image features to tumor phenotypes.9,10

The purpose of our study was to explore imaging
phenotyping using a radiomics approach for predicting
an MP within lung ADC.
Material and Methods
Patients

The present retrospective study was approved by the
institutional review board at Samsung Medical Center
(institutional review board file number 2016-04-135),
and informed consent was waived for reviewing
patients’ medical records. We enrolled 511 consecutive
patients with lung ADC who underwent complete
resection at our institution (Samsung Medical Center,
Seoul, Republic of Korea) from July 2003 to January
2011. We excluded patients who had CT images acquired
with an inadequate CT protocol for radiomics analysis
(n ¼ 162, CT slice thickness of 3 mm or more) to extract
radiomics features in an optimal isotropic resolution.
Ten additional patients were excluded on account of
technically difficult analysis by the radiomics approach
owing to very small tumor size. Specifically, scans with
thick axial slices or very small tumors may have fewer
than three sequential axial slices and may not contain
three pixels in all 13 directional components, thus
making it impossible to extract Gray level co-occurrence
matrix (GLCM)-based features. Ultimately, a total of 339
patients were included in this study.

Imaging Acquisition
Helical CT images were all obtained with a 64-detector

row CT scanner (LightSpeed VCT, GE Healthcare, Wau-
kesha, WI). The CT image parameters were as follows:
detector collimation, 1.25 or 0.625 mm; field of view, 36
cm; beam pitch, 1.375 to 1.500; beam width, 10 to 20 mm;
gantry speed, 0.5 or 0.6 seconds per rotation; 120 kVp;
125 mA; reconstruction interval, 1 to 2.5 mm; and matrix,
512 � 512 mm. The helical acquisitions were reformatted
into contiguous 2.5- to 3.5-mm axial sections overlapping
by 1 to 1.5 mm on a standard workstation. CT scanning
was obtained 90 seconds after the administration of
contrast material (100 mL of iopamidol [Iomeron 300
(Bracco, Milan, Italy)]) at a rate of 1.5 mL/s using a power
injector. This was followed by a 20-cm3 saline flush at a
rate of 1.5 mL/s.

Data Collection
Study data were collected from electronic medical

records. Clinical characteristics were evaluated at the
time of diagnostic work-up. Sex, age, smoking status,
Union for International Cancer Control stage, and oper-
ation type were recorded. We also determined whether
the patient had undergone adjuvant therapy.

Histologic Evaluation
Histologic subtypes and grades of the lung ADCs were

classified according to the International Association for
the Study of Lung Cancer/American Thoracic Society/
European Respiratory Society multidisciplinary classifi-
cation of lung ADC.2 In addition, when the micropapillary
component was less than 5% of the entire tumor, the
pathologists further determined the amount of the
micropapillary component at intervals of 1%. Tumors
with the MP constituting less than 1% of the entire
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tumor were defined as absent. Details about the histo-
logic evaluation were described in our previous report.6

Image Analysis
Our personal computer–based in-house software

program was used for lesion segmentation. All CT scans
were obtained in the full inspiratory phase. For each
tumor, regions of interest were delineated on the axial
images to generate a volume of interest that included the
entire tumor with a semiautomatic approach. Additional
manual correction was performed to exclude broncho-
vascular bundles and ground glass opacity boundary by
two radiologists (S.H.S, a senior resident, and G.W.L, who
had 10 years of experience in chest CT imaging). After a
nodule had been segmented, radiomics features were
calculated and extracted automatically. This quantitative
CT analysis was performed by using histogram-based,
size- and shape-based, GLCM-based, and intensity vari-
ance and size zone variance–based features (Fig. 1).
Detailed information about textural features is included
in Supplementary Tables 1 and 2.

The tumor disappearance rate (TDR) was calculated
as follows: [1 – (Tumor area of the mediastinal
Figure 1. Schematic illustration of quantitative comp
windows/Tumor area of the lung windows)] � 100.11 As
for fludeoxyglucose F18 positron emission tomography
(PET) analysis, maximum standardized uptake value
(SUVmax) was extracted from the primary tumor in the
PET images for each patient. PET/CT scans were ob-
tained in 288 patients.

Statistical Analyses
Comparison of the clinical and histologic character-

istics of each subgroup was performed using one-way
analysis of variance. Survival rate was estimated by the
Kaplan-Meier method, and the log-rank test was applied
to compare survival distribution between subgroups.
Reliability and reproducibility of tumor segmentation
and feature extraction was estimated by comparing the
intraclass correlation coefficient (ICC) values between
the two radiologists in 49 randomly selected patients.
We selected statistically significant features from
demographic and pathologic factors and selected the
radiomics variable with the lowest p value from
each radiomics category to remove redundancy within
the radiomics information, as in Aerts et al.12 For two
groups, a multivariate logistic regression model with the
uted tomography features. 3D, three-dimensional.
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stepwise variable selection procedure based on Akaike’s
information criterion was applied to the selected fea-
tures to fit the prediction model. For three groups, a
multinomial logistic regression model with the stepwise
variable selection procedure based on Akaike’s infor-
mation criterion was used to fit the prediction model.
Tenfold cross-validation13 was used to evaluate the
performance of the prediction model. For two groups, a
receiver operation characteristic curve was constructed
and the area under the curve (AUC) was calculated. For
three groups, multiclass AUC was calculated.14 We also
conducted decision curve analysis15 to evaluate the
clinical usefulness of the combination of radiomics fea-
tures with clinical features by quantifying the net ben-
efits at different threshold probabilities in the data set.
The net benefit was calculated by using the following
formula: Net benefit ¼ True positive count/n – False
positive count/n (Pt/1-Pt).15 In this formula, true posi-
tive and false-positive counts are the numbers of pa-
tients with true positive and false-positive results and n
is the total number of patients. The threshold probability
Pt is the value at which the expected benefit of treatment
is equal to the expected benefit of avoiding treatment.
The decision curve was also plotted for the model of
clinical feature only.

The model integrating radiomics and clinical features
was further evaluated with respect to calibration by
bootstrapping techniques: 1000 bootstrap samples were
drawn, with replacement.16 Calibration compares the
predicted probability of an MP with its actual presence.
A calibration graph was obtained by plotting the
observed versus predicted probabilities. Thus, the ideal
nomogram would show a localized regression plot that
perfectly fits the 45-degree reference line when actual
versus predicted probability is plotted.

Statistical analysis was executed using SAS software,
version 9.4 (SAS Institute, Cary, NC) and R 3.2.5
(R Foundation for Statistical Computing, Vienna,
Austria). p Values less than 0.05 indicated statistical
significance.

Results
The patients were divided into two subgroups ac-

cording to the amount of micropapillary component: (1)
MP constituting at least 5% of the entire tumor (the MP
� 5% group) and (2) MP constituting less than 5% of the
entire tumor (the MP < 5% group). The clinical and
histologic characteristics of patients are listed
Supplementary Table 3. Of the 339 patients, 268 (79.1%)
were in the MP < 5% group, and the remaining 71
(20.9%) were in the MP � 5% group. Between these two
subgroups, there were no significant differences in sex,
age, tumor size, SUVmax, and TDR value, whereas the
difference in American Joint Committee on Cancer stage
was statistically significant (p ¼ 0.048). The MP < 5%
group tended to include patients with tumors at lower
American Joint Committee on Cancer stages. Adjuvant
therapy was performed significantly more often in the
MP � 5% group than in the MP < 5% group (p ¼ 0.024).
Histologic grade was significantly different between the
two subgroups (p < 0.001). Intermediate-grade tumors
were most frequent in both groups. High-grade tumors
were the second most common grade in the MP < 5%
group (29.5%), whereas the numbers of both low- and
high-grade tumors were even in the MP � 5% group.
The distribution of predominant subtype was also
different between the two groups (p ¼ 0.002). Even
though acinar subtype was most frequent in both sub-
groups (51.5% in MP < 5% group and 52.1% in MP
� 5% group), the second most common subtypes were
solid subtype in the MP < 5% group (27.2%)
and papillary subtype in the MP � 5% group (21.1%).
SUVmax and TDR were not significantly different between
the two groups.

In addition, we classified the same patients into three
more specifically defined subgroups: (1) MP constituting
at least 5% of the entire tumor (the MP � 5% group), (2)
MP present but constituting less than 5% of the entire
tumor (the 0 <MP< 5% group), and (3) absence (< 1%)
of the micropapillary subtype (the MP ¼ 0 group). There
were 191 patients (56.3%) in the MP ¼ 0% group, 77
(22.7%) in the MP< 5% group, and 77 (22.7%) in the MP
� 5% group. Clinical and histologic characteristics of
these patients according to three groups are included in
Supplementary Table 4.
Reliability and Reproducibility of Tumor
Segmentation and Feature Extraction

The range of ICC values was 0.574 to 0.999, with
mean a value of 0.857, representing a moderate or
higher reliability level of agreement.
Prediction Model for the Presence of a
Micropapillary Component within Lung
Adenocarcinoma

In the two-group study, through categorical and
stepwise selection, four features were ultimately identi-
fied as having the predictive ability for the presence of
micropapillary component within lung ADC: two patho-
logic features that include stage and grade and two
radiomics features that include the minimum of whole
pixel values and variance of positive pixel value
(Table 1). Overall, the MP-present group had a higher
tumor stage (OR ¼ 3.270, 95% confidence interval [CI]:
1.483–7.212), intermediate grade (OR ¼ 2.977, 95% CI:
1.066–8.316), and lower value for the minimum of whole
pixel values (OR ¼ 0.725, 95% CI: 0.527–0.98800) and



Table 1. Prediction of the Presence of a Micropapillary
Component or Presence of a Micropapillary Component
Equal to or More Than 5% within Lung Adenocarcinoma

Prediction of presence of micropapillary component within
lung adenocarcinoma

Selected Features Reference p Value OR 95% CI

Smoking Nonsmoking 0.032 2.859 1.095–7.467
UICC stage Stage I 0.013 3.270 1.483–7.212
Histologic grade Low grade <0.001 2.977 1.066–8.316
Minimum of whole

pixel values
0.048 0.725 0.527–0.988

Variance of positive
pixel values

0.035 0.961 0.927–0.997

Prediction of presence of micropapillary component �5%
within a lung adenocarcinoma

Selected features Reference p Value OR 95% CI

Histologic grade Low grade <0.001 0.23 0.087–0.618
Sphericity value 0.0178 0.302 0.124–0.736
Difference entropy

value at outer
portion based on
GLCM

0.0039 0.322 0.153–0.679

CI, confidence interval; UICC, Union for International Cancer Control; GLCM,
Gray level co-occurrence matrix.

Figure 2. Decision curve analysis for the model using clinical
features and the model with addition of radiomics features.
The y axis measures the net benefit. The x axis shows the
threshold probability. The red line represents the model
combining radiomics and clinical features. The blue line
represents the model using clinical features only. The thin
gray line represents the assumption that all patients have
lung adenocarcinoma with a micropapillary pattern. The
black line represents the assumption that no patients have a
micropapillary pattern.
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lower value for the variance of positive pixel values
(OR ¼ 0.961, 95% CI: 0.927–0.997). The sensitivity and
specificity of categorical selection were 0.5493 and
0.6404, respectively, and those of stepwise selection
were 0.8451 and 0.3558, respectively. The AUC of
stepwise selection was 0.7511, as shown in
Supplementary Figure 1.

As for the predictive ability of the MP � 5% group,
after the same process of selection, the following three
features were identified: grade, sphericity value, and
difference entropy value at outer portion based on GLCM
(see Table 1). The AUC of stepwise selection was 0.6082.
Clinical Usefulness of the Prediction Model
The decision curve analysis for the model integrating

radiomics features with clinical features and for the
model using clinical features only is presented in Figure 2.
The decision curve showed that if the threshold proba-
bility is greater than 20%, using the clinical features or a
combination of clinical and radiomics features to predict
MP adds more benefit than the treat-all-patients scheme
or the treat-none scheme. In particular, the model inte-
grating radiomics and clinical features gets more net
benefit than the model using clinical features only at a
threshold probability between 20% and 40%. Although
this finding was reversed at a threshold probability
greater than 40%, it can be meaningful because the
reported incidence of MP is relatively low.
In the calibration plot, the prediction model com-
bining radiomics and clinical features demonstrated
good calibration. The AUC was 0.751 (p < 0.001, 95% CI:
0.690–0.811) (Supplementary Fig. 2).
Survival Outcome
The median overall survival (OS) and disease-free

survival (DFS) times of the entire study population were
4.7 and 3.8 years, respectively. The median OS and DFS
times in the MP < 5% group were 4.7 and 3.9 years,
respectively, whereas the respective times in the MP
� 5% group were 4.5 and 2.8 years. In terms of DFS,
survival was significantly better in the MP < 5% group
than in the MP � 5% group. The hazard ratio (HR) for
recurrence in the MP � 5% group was 1.804 (p ¼ 0.00,
95% CI: 1.235–2.634) in the two subgroup study. Like-
wise, the higher the proportion of MP present, the more
recurrence developed in the three subgroups study. The
HRs for recurrence in the MP < 5% and MP � 5% groups
were 1.556 and 2.064, respectively (p ¼ 0.001) (Table 2).

The patterns of recurrence for two subgroups and
three subgroups are presented in Table 3. Locoregional
recurrence was significantly more frequent in the MP
� 5% group than in the MP < 5% group (p ¼ 0.002).

In addition, as shown in Figure 3, there was a ten-
dency for OS to be better in patients who had a lesser



Table 2. Survival Analysis according to the Difference in Proportion of the Micropapillary Component

Survival

Two Subgroups Three Subgroups

MP < 5% MP � 5% MP ¼ 0 0 < MP < 5% MP � 5%

Progression-free survival

No. patients 268 71 191 77 71
No. events 92 38 60 32 38
HR 1.804 1.556 2.064
95% CI 1.235–2.634 1.010–2.395 1.372–3.104
p Value 0.002 0.001

Overall survival
No. events 40 17 29 11 17
HR 1.586 1.025 1.596
95% CI 0.899–2.799 0.512–2.054 0.877–2.907
p Value 0.108 0.275

MP, micropapillary; HR, hazard ratio; CI, confidence interval.
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extent of MP, although the difference was not statistically
significant. The HR for death in the MP � 5% group was
1.586 in the two-subgroup study (p ¼ 0.108), and the
HRs for death in the MP < 5% and MP � 5% groups
were 1.025 and 1.596, respectively, in the three-
subgroup study (p ¼ 0.275) (see Fig. 3).

Discussion
Recently, attention has been drawn to ADCs con-

taining an MP in view of its association with poor
prognosis, including a tendency toward recurrence and
metastasis.17,18 In our study, the MP < 5% group
showed a tendency to have a lower TNM stage, whereas
the MP � 5% group showed more frequent N2 disease.
Yeh et al.19 reported that the presence of an MP was an
independent predictor of pathologic N2 disease. The MP
is also known to be associated with a higher rate of
lymphatic invasion20,21 and visceral pleural invasion,22

as well as with lymph node metastasis.20–23 We ascer-
tained that the prognosis was worse with an increase in
the extent of the micropapillary portion of tumors. Even
though patients in the MP � 5% group underwent more
adjuvant therapy than those in the MP < 5% group, DFS
was worse in the MP � 5% group in our study, indi-
cating the necessity for more aggressive adjuvant ther-
apy. Tsao et al.24 reported that the micropapillary
predominant and solid predominant patterns were
Table 3. Pattern of Recurrence according to the Difference in

Characteristics

Two Subgroups

MP < 5% MP � 5% Total p Value

No. patients 268 71 339
Locoregional 20 (7.5) 14 (19.7) 34 0.002
Distant metastasis 78 (29.1) 28 (39.4) 106 0.095

Note: Data in parentheses are percentages of the total number in the correspo
MP, micropapillary.
predictive markers for the benefit of adjuvant chemo-
therapy in DFS and OS in patients with early-stage lung
ADC. This aggressive behavior of ADC with an MP can
also influence surgical planning. Nitadori et al.25 re-
ported that patients with tumors with a micropapillary
component of 5% or greater treated with limited
resection were at a higher risk for recurrence than
similar patients treated with lobectomy, suggesting that
limited resection may not be the optimal surgical
approach for lung ADC with a MP. Therefore, preopera-
tively grasping the presence of MP within ADC is
important for optimal surgical planning and advance
selection of candidates for aggressive postoperative
adjuvant therapy. It is also important to determine the
presence of a MP even in inoperable lung ADC because a
biopsy sample may not reflect all the characteristics of a
generally heterogeneous tumor.

Until now, few studies have reported on the imaging-
based identification of a micropapillary component.7,26,27

However, these studies were all subjective studies
dealing with qualitative CT variables. Even in cases of
commonly used quantitative imaging values, interest-
ingly enough, TDR and SUVmax were not different be-
tween the MP < 5% and MP � 5% groups in our study,
although they are usually important prognostic imaging
biomarkers.8,28 Meanwhile, radiomics is an emerging
field in which converging images with higher-dimensional
Proportion of the Micropapillary Pattern

Three Subgroups

MP ¼ 0 0 < MP < 5% MP � 5% Total p Value

191 77 71 339
13 (6.8) 7 (9.1) 14 (19.7) 34 0.008
50 (26.2) 28 (36.4) 28 (39.4) 106 0.066

nding subgroups.



Figure 3. Disease-free survival and overall survival curves according to different proportions of micropapillary pattern.
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data and subsequent mining of these data can improve
decision support by providing comprehensive quantifi-
cation of disease phenotypes.29 In this study, we iden-
tified clinical and imaging findings for predicting an MP
within a lung ADC. In addition to clinical features
including smoking, TNM stage, and histologic grade,
radiomics features such as the minimum of whole pixel
values and variance of positive pixel value were selected
as imaging predictors for the presence of a micro-
papillary component showing an OR less than 1. Two
features were used to quantify tumor intensity charac-
teristics using first-order statistics calculated from the
histogram of all tumors or positive voxel intensity
values, respectively. The feature minimum of whole pixel
values enhances the areas of the tumor with ground
glass opacity. Thus, we could interpret these results to
mean that more solid, homogenous pixel-arranged
tumors are associated with the micropapillary compo-
nent. Sphericity value and difference entropy value at
outer portion based on GLCM were also selected as
predictors for the presence of micropapillary component
equal to or more than 5% with an OR less than 1. Higher
entropy means higher randomness of the histogram in
interpretation of difference entropy value at outer
portion based on GLCM. Thus, a homogenous pixel
arrangement at the tumor periphery with a less
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spherical shape could be associated with the micro-
papillary component. In particular, sphericity is a feature
that describes how spherical the shape of the tumor is.
Some investigators have reported that the MP usually
exists at the peripheral area of the tumor.30,31 Therefore,
according to our results, the histological peripheral dis-
tribution of the MP may be reflected radiologically by the
radiomics feature sphericity. Our results suggest
possible value in combining clinical and imaging pa-
rameters for prediction of a micropapillary component
beyond visual assessment.

Even allowing for intratumor heterogeneity, our
result has greater clinical significance. Approximately
80% of ADCs show mixed subtype tumors, which is to
say that a single most predominant subtype is not
entirely representative of a large proportion of the
tumors. In other words, the intermediate-grade ADC
group according to the most predominant histologic
subtype shows a very heterogeneous prognosis,32 which
means that information of the most predominant histo-
logic subtype within the ADC is insufficient not only to
predict prognosis but also to decide the appropriate
management plan. Kadota et al.32 found that tumors with
intermediate-grade histologic features showing poor
prognosis had either high-grade histologic features as
the second predominant pattern or high mitotic count.
However, the crux of the matter is that the MP, which is
another poor prognostic indicator, tends to have a
scattered, not clustered, distribution at the periphery or
advancing edge of the tumor compared with at the
center,31 which is hard to discern with typical imaging.
On the other hand, the radiomics approach shows local
variation more sensitively with preservation of spatial
heterogeneity.

Our study had several limitations. First, as is typical of
retrospective studies from a single center, our study was
limited by biases such as lack of random assignment, pa-
tient selection, and incomplete data acquisition. Further
prospective investigation and, more importantly, a multi-
center study are necessary. Second, the use of patients
from a tertiary referral cancer institution may reflect a
cohort with more aggressive disease. Third, external vali-
dation using an independent population was not per-
formed. However, we conducted this study with a large
number of patients and we attempted to perform tenfold
cross-validation as a method of internal validation. In
addition, a “rapid learning health care” approach would
have provided a validation data set. In this era of an
explosive amount of medical data, rapid learning health
care is the organization of valuable routine clinical data
that may be used in a broad range of areas from clinical
care to research studies, and data infrastructure may
provide a foundation for this system.33–36 Overall, we
believe that our result is meaningful in terms of building
baseline research data for the next relevant study. Fourth,
in terms of tumor segmentation, we used a semiautomated
method with additional manual correction. Although our
ICC values between two radiologists were good, a stan-
dardized scanning guideline seems necessary.37

In conclusion, the radiomics approach can be used to
interrogate an entire tumor in a noninvasive manner,
thus enabling the identification of imaging phenotypes to
predict MP within a lung ADC. Tumors with a micro-
papillary component present have certain clinical and
imaging features that can be used to differentiate them
from other lung ADCs. The combination of imaging pa-
rameters with clinical features may provide added
diagnostic value for the identification of presence of a
micropapillary component and thus, can influence
proper treatment planning such as candidate selection
for aggressive postoperative adjuvant therapy.
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