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Can peritumoral radiomics increase the efficiency of the prediction
for lymph node metastasis in clinical stage T1 lung adenocarcinoma
on CT?
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Abstract
Objectives To evaluate the efficiency of radiomics model on CT images of intratumoral and peritumoral lung parenchyma for
preoperative prediction of lymph node (LN) metastasis in clinical stage T1 peripheral lung adenocarcinoma patients.
Methods Three hundred sixty-six peripheral lung adenocarcinoma patientswith clinical stageT1were evaluated using fiveCTscanners.
For each patient, two volumes of interest (VOIs) on CTwere defined as the gross tumor volume (GTV) and the peritumoral volume
(PTV, 1.5 cm around the tumor). One thousand nine hundred forty-six radiomic features were obtained from each VOI, and then refined
for reproducibility and redundancy. The refined features were investigated for usefulness in building radiomic signatures by mRMR
feature ranking method and LASSO classifier. Multivariable logistic regression analysis was used to develop a radiomic nomogram
incorporating the radiomic signature and clinical parameters. The prediction performance was evaluated on the validation cohort.
Results The radiomic signatures using the features of GTVand PTV showed a good ability in predicting LN metastasis with an
AUC of 0.829 (95%CI, 0.745–0.913) and 0.825 (95% CI, 0.733–0.918), respectively. By incorporating the features of GTVand
PTV, the AUC of radiomic signature increased to 0.843 (95% CI, 0.770–0.916). The AUC of radiomic nomogram was 0.869
(95% CI, 0.800–0.938).
Conclusions Radiomic signatures of GTV and PTV both had a good prediction ability in the prediction of LN metastasis, and
there is no significant difference of AUC between the two groups. The proposed nomogram can be conveniently used to facilitate
the preoperative prediction of LN metastasis in T1 peripheral lung adenocarcinomas.
Key Points
• Radiomics from peritumoral lung parenchyma increase the efficiency of the prediction for lymph node metastasis in clinical
stage T1 lung adenocarcinoma on CT.

• A radiomic nomogram was developed and validated to predict LN metastasis.
• Different scan parameters on CT showed that radiomics signature had good predictive performance.
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Abbreviations
GPTV Gross and peritumoral volume
GTV Gross tumor volume
LASSO Least absolute shrinkage and selection operator
LN Lymph node
mRMR Minimum redundancy maximum relevance
PTV Peritumoral volume

Introduction

With the development of low-dose (LDCT) lung cancer
screening, large numbers of patients with early-stage non–
small cell lung cancer (NSCLC) have been screened, especial-
ly for lung adenocarcinomas [1–3]. The preferred treatment
for clinical T1 lung adenocarcinomas is surgical lobectomy
combined with systematic lymph node dissection (LND) [4,
5]. It has contributed to many invalid LND, as many T1 lung
adenocarcinomas actually have no LN metastasis. Thus, there
still exists a controversy that whether systematic LND is re-
quired [6, 7]. In this era of precision medicine, limited
(sublobar) resection and selective LND act as minimally in-
vasive surgeries, which may be more appropriate for clinical
stage T1 lung peripheral adenocarcinomas [8, 9].

Radiomics is an emerging concept where high-
dimensional datasets can be extracted from radiographic
images applied for precision medicine [10–13]. It shows
that promise in disease diagnosis, evaluation of prognosis,
and prediction of pathological response in NSCLC
[14–17]. Recent reports have illustrated that the
peritumoral microenvironments provide value for clinical
assessment of tumor aggressive biological behavior
[18–20]. Most studies mainly focused on the assessment
of the primary tumor, which ignored the subtle change of
peritumoral microenvironments [21, 22]. However, it re-
mains unclear that whether extracting gross tumor volume
(GTV) and peritumoral volume (PTV) radiomic features
are useful tools for prediction of LN metastasis. This

study aimed to evaluate radiomic signatures capturing
subtle changes from GTV and PTV, and to compare their
performance of prediction for LN metastasis. The ultimate
goal of our research is to develop an effective and nonin-
vasive prediction model utilizing clinical parameters and
radiomics based on preoperative CT images, which could
provide a better treatment for clinical stage T1 lung
adenocarcinomas.

Materials and methods

Study population

This retrospective analysis was approved by the ethical review
board of our hospital, and informed consent was waived (No.
2018SL049). Patient inclusion and exclusion details are pre-
sented in Fig. 1. From July 2012 to March 2017, 366 patients
(median age, 58.16 years, 61.5% female) meeting the criteria
were enrolled in the study and divided into two groups. Of
these, 242 cases scanned at three different CT scanners were
used as the training cohort. And the remaining 124 cases
scanned at another two scanners were selected as the valida-
tion cohort.

The following parameters, including age, gender, smoking
sta tus , the maximal diameter of the tumor, and
carcinoembryonic antigen (CEA) levels, were derived from
medical records. All cases received surgical resection and sys-
tematic LN dissection in the same manner. At least six lymph
nodes were dissected in accordancewith the European Society
of Thoracic Surgeons guidelines [23]. The new criteria of the
American Thoracic Society and the European Society of
Respiratory Sciences (IASLC/ATS/ERS) were used for lung
adenocarcinoma classification [24]. The pathological speci-
mens of each case were identified by experienced pulmonary
pathologists. The pathology reports were confirmed. Clinical
and pathological TNM staging and the LN station numbers
were determined according to the TNM classification for lung

Fig. 1 The data flow diagram
describes the exclusion details
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cancer (Union for International Cancer Control, 8th Edition)
[25]. The details of patient’s profiles and test results of clinical
parameters are presented in Table 1.

CT image evaluation/semantic features

The morphology features of 366 lesions were analyzed by two
thorac ic rad io log is t s , who were bl inded to the

clinicopathological variables. The final consensus was
reached by group discussion if there existed discrepant inter-
pretations. CT images were interpreted in the lung window
setting (window width, 1500 HU; window level, − 450 HU).
The CT-reported LN status positive nodal status was defined
as the short diameter of the hilar or mediastinal LN > 10mm in
chest CT cross-sectional image [26]. Five CT morphology
characteristics for each mass were included: (a) attenuation,

Table 1 Parameters of patients on the training and validation cohorts

Clinical parameter Training cohort p value Validation cohort p value

LN metastasis (−) LN metastasis (+) LN metastasis (−) LN metastasis (+)

Age 57.49 ± 10.65 58.86 ± 10.24 0.566 58.76 ± 10.50 59.64 ± 10.74 0.867

Gender 0.583 1.000

Male 66 (34.2) 20 (40.8) 45 (44.1) 10 ( 45.5)

Female 127 (65.8) 29 (59.2) 57 (55.9) 12 (54.5)

Smoking status 0.583 1.000

Absent 162 (83.9) 35 (71.4) 79 (77.5) 16 (72.7)

Presence 31 (16.1) 14 (28.6) 23 (22.5) 6 (27.3)

Maximal tumor diameter 1.69 ± 0.64 2.32 ± 0.60 < 0.001* 1.75 ± 0.64 2.35 ± 0.60 < 0.001*

Spiculation < 0.001* < 0.001*

Absent 154 (79.8) 11 (22.4) 73 (71.6) 8 (36.4)

Presence 39 (20.2) 38 (77.6) 29 (28.4) 14 (63.6)

Lobulation 0.038* 0.803

Absent 30 (10.4) 1 (2) 14 (13.7) 1 (4.5)

Presence 163 (89.6) 48 (98) 88 (86.3) 21 (95.5)

Pleural indentation < 0.001* < 0.001*

Absent 107 (55.4) 8 (16.3) 60 (58.8) 7 (31.8)

Presence 86 (44.6) 41 (83.7) 42 (41.2) 15 (68.2)

Attenuation < 0.001* < 0.001*

Solid 61 (31.6) 44 (89.8) 38 (37.2) 18 (81.8)

Part solid 104 (53.9) 5 (10.2) 53 (52.0) 4 (18.2)

GGO 28 (14.5) 0 (0) 11 (10.8) 0 (0)

Air bronchogram 0.756 1.000

Absent 139 (72.0) 37 (75.5) 70 (68.6) 15 (68.2)

Presence 54 (28.0) 12 (24.5) 32 (31.4) 7 (31.8)

Vacuole 0.673 0.960

Absent 147 (76.2) 35 (71.4) 77 (75.5) 18 (81.8)

Presence 46 (23.8) 14 (28.6) 25 (24.5) 4 (18.2)

CEA (μg/L) < 0.001* < 0.001*

≤ 5 186 (96.4) 33 (67.3) 98 (96.1) 15 (68.2)

5~20 7 (3.6) 12 (24.5) 4 (3.9) 5 (22.7)

> 20 0 (0) 4 (8.2) 0 (0) 2 (9.1)

CT-reported < 0.001* < 0.001*

Absent 182 (94.3) 23 (46.9) 94 (92.2) 11 (50.0)

Presence 11 (5.7) 26 (53.1) 8 (7.8) 11 (50.0)

Ages and maximal tumor diameter are shown as mean ± standard deviation; other data are number of patients, with percentage in parentheses. P value is
derived from the univariable association analyses between clinical parameter and LN status. *p value < 0.05

CEA, carcinoembryonic antigen; GGO, ground-glass opacity
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(b) spiculation, (c) lobulation, (d) pleural retraction, (e) air
bronchogram, (f) vacuole. Lesion attenuation was divided into
three types: pure ground-glass opacity (GGO), part solid, and
pure solid.

CT scanning and segmentation

All CT scans were performed in our department from the lung
apex to the base, using five CT multi-detector row CT
(MDCT) systems and the detailed parameters of scanning
and reconstruction are described in Table 2.

The segmentation of GTV were contoured along the
boundary of each nodules in every 2-D CT slice with lung
window settings (window width, 1500 HU; window level,
− 450 HU) by the experienced radiologist (with 5 years of
experience) in thoracic oncological using Medical
Imaging Interaction Toolkit (MITK) software (version

2017.07; http://www.mitk.org/). And then the GTV was
dilated 15 mm [27, 28] in three dimensions uniformly,
served as PTV. Bronchi, large vessels, and normal tissue
were manually excluded from each region of interest
(ROI). In the end, a senior with 6 years of experience in
thoracic radiology checks each ROI and conducts further
extraction of features. Two ROIs, GTV and PTV, were
defined in axial, coronal, and sagittal CT images as
shown in Fig. 2.

Radiomic feature extraction

Each image was normalized to achieve a zero mean and
unit variance across the entire training and validation co-
horts. Both GTVand PTV radiomic features were extracted
using PyRadiomics [29], which is an open-source
radiomics toolbox. Full intensity of both the GTV and

Table 2 The scan parameters on
CT for the patients with clinical
stage T1 lung adenocarcinomas

CT scanner (No.)

CT16 (1) CT128 (2) GE64 (3) CT128 (4) CT256 (5)

Manufacture Toshiba Philips General Electric Philips Philips

Tube voltage (kV) 120 120 120 120 120

Effective power of tube (mA) 50–150 50–150 Auto 50–150 50–150

Detector collimation (mm) 16 × 0.5 64 × 0.625 64 × 0.625 64 × 0.625 128 × 0.625

Matrix 512 ×512 512 × 512 512 × 512 512 × 512 512 × 512

Slice thickness (mm) 1.000 1.000 1.000 1.000 0.625

Fig. 2 Two ROIs, GTVand PTV,
were defined in axial, coronal,
and sagittal CT images
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PTV was quantized to 32 gray levels. Seven classes of
radiomic features were extracted: 16 shape features, 19
first-order statistical features, 23 gray-level co-occurrence
matrix (GLCM) features, 16 gray-level size zone matrix
(GLSZM) features, 16 gray-level run length matrix
(GLRLM) features, 5 neighboring gray tone difference ma-
trix (NGTDM) features, and 14 gray-level dependence ma-
trix (GLDM) features. In addition, eight image filters,
wavelet, Laplacian of Gaussian (LoG), square, square root,
logarithm, exponential, gradient, and local binary pattern
(LBP) in 3-D, were applied to original image respectively
and yield a corresponding derived image. All the classes of
radiomic features were extracted in nine different image
types. Ultimately, 1946 quantitative 3-D radiomic features
were exacted for each VOI. The detailed radiomic features
list was described in Supplement A.

Feature selection and classifier modeling

For GTV and PTV radiomic features, we first removed the
features where the variance is close to 0.

Tumor delineation could introduce some uncertainty in the
determination of GTV. The segmentation of intra-observer
and inter-observer was confirmed by two experienced radiol-
ogists with 5 years and 15 years of experience. The intraclass
and interclass correlation coefficients (ICCs) were computed
to assess the inter- and intra-observer reproducibility. The fea-
tures with ICC lower than 0.75 were considered as the poor
agreement of the feature and therefore were removed.

The Pearson correlation analysis [30] was performed to
identify the redundant features. Each feature with the mean
absolute correlation higher than 0.9 was considered to be re-
dundant and eliminated.

Previous studies have shown that adding prior feature rank-
ing procedure may be helpful to improve the final perfor-
mance [31]. After elimination of redundant features and the
features with low reproducibility, we used a multivariate rank-
ing method (minimum redundancy maximum relevance
[mRMR]) [31–33] to identify the most important features on
the basis of a heuristic scoring criterion, and only the top-
ranked features were kept.

Then, the top-ranking radiomic features were input to the
least absolute shrinkage and selection operator (LASSO) [34]
classifier to build a radiomic signature for the evaluation of
LN status. Classifier was trained using 10-fold cross-valida-
tion on the training cohort to determine the optimal parameter
configuration. Radiomic signatures based on GTV features
and PTV features were built respectively. In addition, all the
GTVand PTV radiomic features were put together to generate
a gross and peritumoral volume (GPTV) radiomic signature
using the same method mentioned above. The radiomic sig-
nature with the highest AUC was selected. But the LASSO
classifier already has an inherent feature selection mechanism

and may perform better, so we also performed the training
without prior feature ranking to validate the performance of
this procedure.

For clinical parameters, the significance of associations
with the outcome of LN metastases was evaluated using uni-
variate logistic analysis. Two-sided p < 0.05 were considered
to indicate a statistically significant difference. Variables with
p < 0.05 in univariable analysis were kept.

We used multivariable logistic regression to build a
radiomic nomogram using the radiomic signature and remain-
ing clinical parameters as input on the training cohort. We
determined the optimal combinations of the radiomic signa-
ture and clinical characteristics by using the Akaike informa-
tion criterion (AIC) [34].

The radiomic signatures and nomogram were tested on the
independent validation cohort, and their discrimination perfor-
mance was assessed using receiver operating characteristic
(ROC) curve analysis and quantified by the area under the
ROC curve (AUC) [35]. The DeLong test method [36, 37]
was used for statistical comparison of the ROC curves.

The R software (3.4.2) was used to conduct feature selec-
tion, classifier modeling, and statistical analysis. The theory of
the mRMR feature ranking algorithms and the LASSO clas-
sifiers are described in Supplements B and C.

Results

Patient profiles

The patient profiles for subgroups gathered according to LN
metastasis are given in Table 1. Differences in variables be-
tween the patient groups were assessed using the independent
t test or Mann-Whitney U test for continuous variables and
Fisher’s exact or chi-square test for categorical variables [38].
The statistical significance levels were all two-sided, with sta-
tistical significance set at 0.05.

Feature selection and acquisition of radiomic
signatures

The features where the variance is close to 0 and those with low
reproducibility which had intra- or inter-observer ICC of < 0.75
were excluded, so the number of GTV, PTV, and GPTV features
was reduced to 1808, 1772, and 3580, respectively.
Subsequently, the pair-wise Pearson correlation coefficients were
calculated, and the threshold for identifying highly correlated
feature pairs was 0.9, leaving 400, 311, and 708 features in
GTV, PTV, andGPTV, respectively. The remaining featureswere
ranked bymRMR, and then the top 100 features were selected in
each group. The LASSO classifier was trained on the training
cohort using the top-ranked features, which ranked from 2 to 100
with an increment of 1, to build radiomic signatures. The
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discrimination abilities of radiomic signatures were tested on the
independent validation cohort. For each group, the signature with
the highest AUC was selected. For GTVand GPTV signatures,
features selected by mRMR and LASSO classifier provided the
optimal radiomic signature with values of AUC 0.829 and 0.843
respectively. The optimal PTV signature was obtained by
LASSO classifier without mRMR feature ranking with an
AUC of 0.825. The features used in building optimal radiomic
signatures, alongwith their formulas, are given in Supplement D.

In univariate analysis, seven clinical parameters were sig-
nificantly correlated with the LNmetastasis status on the train-
ing cohort as shown in Table 1. The logistic regression anal-
ysis identified maximal diameter of tumor, spiculation, pleural
retraction, lesion attenuation, CEA level, CT-reported LN sta-
tus, and GPTV signature as independent predictors. The mod-
el that combined the above seven predictors was developed
and presented as the nomogram as shown in Fig. 3.

The value of AUC of the radiomic nomogram combining
the GPTV signature with clinical parameters is 0.863 on the
validation cohort; the performance of radiomic signatures and
nomogram is listed in Tables 3 and 4. The p values from the
DeLong test are given in Supplement E. Figure 4 shows the
ROC curves for three signatures and one nomogram on the
training cohort and validation cohort, the point on the training
ROC curve that was closest to the upper left corner was se-
lected as the cutoff [39], then the corresponding accuracy,
sensitivity, and specificity values were calculated. Patients’
scores above or below the cutoff were considered to be LN
metastasis or not.

Discussion

Our study conclusions were encouraging and answered a
question of that whether imaging features extracting PTV

from preoperative CT images could predict LN metastasis of
clinical stage T1 lung adenocarcinomas. The combination of
GPTV radiomic signature and clinical parameters had a better
performance of prediction than GTV, PTV, or CT-reported LN
status alone.

Previous studies have been reported on the prediction for
LN status by clinical parameters in NSCLC, such as the max-
imal diameter of tumor, morphological feature, CEA levels,
and pathologic features [40, 41]. Fei Zhao et al reported that
tumor size, tumor differentiation, and bronchus invasion had a
closed relation with the LNmetastases in stage I NSCLC [42].
Tsutani et al found that solid SUVmax and tumor size could be
deemed as independent predictors of LN status in lung adeno-
carcinoma with the AUC of 0.761 [43]. Hence, it might be
suggested that clinical parameters in the preoperative evalua-
tion of LN status were still limited.

In our study, GTV and PTV features were used to build
GTVand PTV radiomic signatures by mRMR feature ranking
method and LASSO classifier. The same process was used to
build a GPTV signature. Two of the three radiomic signatures
were built using the features selected by mRMR, and one was
built by LASSO classifier directly. So, to some extent, the
performance of the model is improved by adding an mRMR
feature ranking operation before model building.

Wavelet features were the majority in that used in optimal
GTVand PTV radiomic signatures (2/3 in GTV, 6/16 in PTV,
2/5 in GPTV), which can quantify heterogeneity of tumor at
different scales unrecognized by the naked eye. It has also
been shown that wavelet features had strong abilities to predict
outcome acting as an important role in building radiomic sig-
natures [44–46].

The AUCs of signatures and nomogram were pair-wise
compared; the p values from DeLong test are given in
Supplement E. On the training cohort, there are two p values
of DeLong test less than 0.05. The results implied that the

Fig. 3 The nomogram was developed on the training cohort, with the GPTV radiomics signature, maximal diameter of tumor, spiculation, pleural
indentation, nodule density, CT-reported LN status incorporated, and CEA level
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combination of GPTV radiomic signature and clinical param-
eters may perform better than a single radiomic signature. The
clinical parameter also plays an import role in the prediction of
LN metastasis of the T1 lung adenocarcinomas. On the vali-
dation cohort, there is no p value less than 0.05, so we can
infer that the PTV signature has the ability to predict LN
metastasis for T1 lung adenocarcinomas, and performance of
the signature is comparable with that of the GTV. In addition,
the GPTV signature has the highest value of AUC with 0.843
in three optimal radiomic signatures, so GTV and PTV fea-
tures could be cooperated to achieve higher predictive
performance.

At present, there are several articles reporting the perfor-
mance of the model to predict the LN metastasis in lung ade-
nocarcinomas by radiomic. The values of AUC were 0.758
and 0.808 in the model of Tianjin Medical University Cancer
Institute and Hospital and Shanghai Pulmonary Hospital [21,
47], both were combining the tumor radiomic features and
clinical parameters. By comparison, none of the study has ever
focused on peritumoral microenvironments and LN informa-
tion. We can find that our AUC of nomogram is higher than
those in the two articles. Two reasons may account for the
higher AUC in our study, in that one is the method we used

in the process of the model building and the other one is the
PTV radiomic features involved in the model. Thus, the no-
mogram works better than other methods in the prediction of
the LN metastasis of lung adenocarcinomas.

Diagnosis of benign or malignant LN is mainly dependent
on nodal size criteria in clinical practice. The short diameter of
LN > 1 cm is regarded as malignant LN. Prenzel KL et al
pointed out that LN size could evaluate the LN status in
NSCLC with the sensitivity of 57.1% and the specificity of
80.6% [26]. In our study, although CT-reported LN status was
regarded as an independent risk factor for metastatic nodes, it
showed unsatisfactory discrimination (the sensitivity of
50.0% and the specificity of 92.1%). Therefore, LN size mea-
surements were poor predictors of LN status. The Youden
index was introduced to evaluate the prediction ability of the
CT-reported LN status and the GPTV radiomic signature [48].
As shown in Supplement F, the Youden index of the GPTV
signature was higher than that in CT-reported. So, we could
infer that the ability of the radiomic signature is beyond that of
a radiologist in the diagnosis of LN status.

In addition, multivariable logistic regression was used to
build a model based on four image morphology characteris-
tics, which included the maximal diameter of the tumor,

Table 3 The performance of radiomic signatures

Signature Feature selection method Feature Count AUC 95% CI p value ACC SEN SPE

GTV LASSO 12 0.783 0.690, 0.876 0.120 0.669 0.864 0.627

mRMR + LASSO 3 0.829 0.745, 0.913 – 0.726 0.591 0.755

PTV LASSO 16 0.825 0.733, 0.918 0.736 0.669 0.773 0.647

mRMR + LASSO 14 0.822 0.733, 0.918 – 0.661 0.818 0.627

GPTV LASSO 19 0.787 0.697, 0.877 0.103 0.710 0.818 0.686

mRMR + LASSO 5 0.843 0.770, 0.916 – 0.613 0.909 0.549

p values were derived from the DeLong test of comparing AUCs between radiomic signatures built by two feature selection methods

Feature Count, the count of features used in signature; AUC, area under the curve; CI, confidence interval; ACC, accuracy; SEN, sensitivity; SPE,
specificity

Table 4 Formulas and performance of the manual identified image characteristic model and nomogram

Model Formula AUC 95% CI ACC SEN SPE

Manual identified image characteristic model 0.761 maximal diameter of tumor
+ 1.335 spiculation
+ 1.474 pleural indentation
− 1.909 nodule density
− 1.980

0.796 0.699, 0.894 0.677 0.776 0.657

Nomogram 0.620 GPTV signature
− 0.201 maximal diameter of tumor
+ 1.240 spiculation
1.469 pleural indentation
− 0.956 nodule density
+ 1.657 CT-reported
+ 2.062 CEA
− 3.274

0.862 0.793, 0.932 0.734 0.773 0.725

AUC, area under the curve; CI, confidence interval; ACC, accuracy; SEN, sensitivity; SPE, specificity
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spiculation, pleural indentation, and density of the nodule on
the training cohort. The model was tested on the validation
cohort and obtained an AUC of 0.796 as shown in Table 4. In
contrast, the GPTV signature had an AUC of 0.843, which
proved that the classifier performance of radiomics signature
was improved and superior to the model built by morphology
characteristics from preoperative CT image.

Besides, the nomogram, which was built by the radiomic
signature, image morphology characteristics, and the level of
CEA, had the highest AUC of 0.869 as shown in Table 4. So,
the results indicated that the manual identification signs and
machine learning–derived knowledge are mutually
complementary.

There are several limitations in this study. First, it is a
single-institutional and retrospective study. Nevertheless, five
CT scanners were used in our study and the radiomic signa-
tures were found to be reproducible in the validation and
training groups. Second, the number of patients with LN me-
tastases in T1 peripheral lung adenocarcinomas was relatively
small. Besides, only a very limited number of patients with N2
stage was included in this study; thus, the ratio of N1/N2 cases
was extremely unbalanced, which could lead to a failure of the
model building. More N2 stage patients need to be enrolled to
verify the correlation between the signature and the N1/N2
stage or the metastatic LN number in further study. In addi-
tion, genetic markers were not considered here, as recent stud-
ies have reported a correlation between genetic marker expres-
sion and LN metastasis in NSCLC [49, 50]. Manual segmen-
tation is applied in most of today’s study including our recent
work, which is vulnerable to subjective factors with unstable
results. The automatic segmentation method will be used in
the near future based on fully convolutional networks [51, 52].
Additional external validation studies of the large sample are
expected to confirm these findings in the future. Despite the

limitations mentioned above, our study firstly analyzed the
relationship between PTVand LN metastasis using the meth-
od of radiomics.

Conclusion

In conclusion, the radiomic features extracted from PTV in T1
lung adenocarcinomas could increase the efficiency of the pre-
diction for the LN status. In addition, our findings also revealed
that the combination of clinical parameters and radiomic features
extracted from GTV and PTV could be used as an effective
noninvasive prediction tool, which might provide value in
decision-making and to define a personalized treatment.
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Methodology
• retrospective
• diagnostic or prognostic study
• performed at one institution
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