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Abstract

Background The main problem of positron emission tomography/computed tomography (PET/CT) for lymph node
(LN) staging is the high false positive rate (FPR). Thus, we aimed to explore a clinico-biological-radiomics (CBR) model
via machine learning (ML) to reduce FPR and improve the accuracy for predicting the hypermetabolic mediastinal—
hilar LNs status in lung cancer than conventional PET/CT.

Methods A total of 260 lung cancer patients with hypermetabolic mediastinal-hilar LNs (SUVmax > 2.5) were ret-
rospectively reviewed. Patients were treated with surgery with systematic LN resection and pathologically divided
into the LN negative (LN-) and positive (LN +) groups, and randomly assigned into the training (n=182) and test
(n=78) sets. Preoperative CBR dataset containing 1738 multi-scale features was constructed for all patients. Prediction
models for hypermetabolic LNs status were developed using the features selected by the supervised ML algorithms,
and evaluated using the classical diagnostic indicators. Then, a nomogram was developed based on the model

with the highest area under the curve (AUC) and the lowest FPR, and validated by the calibration plots.

Results In total, 109 LN—and 151 LN+ patients were enrolled in this study. 6 independent prediction models were
developed to differentiate LN— from LN + patients using the selected features from clinico-biological-image dataset,
radiomics dataset, and their combined CBR dataset, respectively. The DelLong test showed that the CBR Model con-
taining all-scale features held the highest predictive efficiency and the lowest FPR among all of established models

(p <0.05) in both the training and test sets (AUCs of 0.90 and 0.89, FPRs of 12.82% and 6.45%, respectively) (p < 0.05).
The quantitative nomogram based on CBR Model was validated to have a good consistency with actual observations.

Conclusion This study presents an integrated CBR nomogram that can further reduce the FPR and improve the accu-
racy of hypermetabolic mediastinal-hilar LNs evaluation than conventional PET/CT in lung cancer, thereby greatly
reducing the risk of overestimation and assisting for precision treatment.
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Background

Lobectomy with mediastinal systematic lymph node
dissection (SND) is standard surgical strategy for lung
cancer [1, 2]. Nevertheless, the significance of SND is
controversial. The American College of Surgeons Oncol-
ogy Group Z0030 trial revealed that there was no survival
difference between patients with non-small cell lung can-
cer (NSCLC) who had SND or systematic sampling, with
the 5-year disease-free survival rates were 68% and 69%,
respectively (p>0.05) [3]. Ishiguro et al. [4] and Ray et al.
[5] also reported the similar findings: SND did not pro-
vide additional survival benefit. Central to avoid “over-
treatment” (i.e., unnecessary SND) and provide a more
precise and individualized lymph node (LN) dissection
strategy is an accurate evaluation of node status at the
mediastinal and hilar levels, especially the negative status
[6].

The negative predictive value (NPV) of invasive endo-
scopic techniques is still unsatisfactory currently due to
the difficulty of the selection suspected LN caused by the
anatomical complexity of mediastinum, the location and
size of LN, and the poor repeatability, etc. [7, 8]. Non-
invasive imaging techniques, including chest computed
tomography (CT) and ['®F]-fluorodeoxyglucose (FDG)
positron emission tomography (PET)/CT, are com-
monly used for LN staging [9]. PET/CT evidently has
significantly higher accuracy than CT, especially with
the superior NPV greater than 85% [10]. However, the
main problem of PET/CT evaluation is the false-posi-
tive (FP) findings caused by non-specific FDG uptake in
non-neoplastic processes such as granulomas or other
inflammatory diseases, especially when intrapulmonary
lesions and mediastinal-hilar LNs are both FDG-pos-
itive, with the false positive rate (FPR) of 19~22% [11,
12]. The resulting overestimation of FP LNs would have a
major impact on the patient’s further treatment strategy,
including unnecessary resection of benign nodules and
inappropriate exclusion of surgical treatment. Thus, FP
FDG studies for LN staging are inevitable.

Previous radiomics analyses based on PET/CT have
demonstrated the great potential of assessing the lymph
node metastasis (LNM) in lung cancer using the machine
learning (ML) algorithms to exhaust the full underlying
information of non-invasive medical images [13-15].
However, only a few radiomics researches have focused
on the evaluation of hypermetabolic mediastinal-hilar
LNs status [16]. The results in our previous study also
indicated the feasibility of PET/CT radiomics in achiev-
ing “pathology-like” diagnosis non-invasively in lung
cancer. Furthermore, we found that clinico-biological-
radiomics (CBR) data could evaluate the tumor hetero-
geneity more comprehensively due to the combination
of multi-scale characteristics of tumors [17]. Multi-scale
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and high-dimensional features need appropriate filter
strategies to reduce redundancy while ensuring model
effectiveness [18]. On the basis of successfully screen-
ing features and establishing excellent models using the
least absolute shrinkage and selection operator (Lasso)
algorithm in our previous study, we added the minimum-
redundancy maximum-relevance (mRMR) algorithm
before Lasso to initially narrow the range of redundant
and irrelevant features in this study, which contributed to
the robustness of research.

Thus, the purpose of this study was to seek a more reli-
able, scalable and non-invasive biomarker-based CBR
data via ML algorithms to reduce the FPR and improve
the accuracy for predicting the hypermetabolic mediasti-
nal-hilar LNs status in lung cancer.

Methods

Patients

This retrospective study reviewed the charts of 1280
patients with single pulmonary nodule examined by [**F]
FDG-PET/CT scanning less than 30 days before curative
surgery between January 2018 and December 2022, and
finally identified 260 patients of resectable T1-4 lung
cancer with complete baseline clinico-biological informa-
tion. The retrospective study was approved by the Ethics
Committee of Shanghai Proton and Heavy Ion Center,
and informed consent was waived.

The specific inclusion criteria were as follows: (1) both
the single intrapulmonary lesion and mediastinal-hilar
LNs were FDG-positive with the maximum standard-
ized uptake value (SUVmax)>2.5 [19, 20], the size of
lesion>1.0cm while the short axis diameter of target
LNs>0.5cm to ensure the quality of image and radiom-
ics data; (2) first pathologically diagnosed of a primary
lung cancer [21]; (3) postoperative pathological (p) N
staging determined by SND as pNO-2 (NO: no regional
LN involvement, N1: ipsilateral peribronchial, interlobar,
or hilar LN involvement, N2: ipsilateral mediastinal LN
involvement) [22]. The exclusion criteria included the fol-
lowing: (1) anti-tumor therapy before PET/CT examina-
tion or surgery; (2) lobectomy without SND; (3) distant
metastasis; (4) poor image quality. The patient recruit-
ment process is presented in Fig. 1.

Finally, totally 260 consecutive lung cancer patients
were enrolled in this study, comprising 205 males and
55 females (mean age, 62.15+8.62 years, range, 27-81
years), as summarized in Table 1. Among these included
patients, the most common histologic subtype was ade-
nocarcinoma (n=145, 55.77%), followed by squamous
cell carcinoma (#=96, 36.92%). Rarer cases of small
cell lung cancer (n=11, 4.23%), large cell carcinoma
(n=6, 2.31%) and sarcomatoid carcinoma (n=2, 0.77%)
were reported. The patients were pathologically divided
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[ Patients with single pulmonary nodule undergone "®F-FDG

s

A 4

.

1) The interval between PET/CT and surgery > 30 days (n=92)
exclusion 2) Previous cancer history or distant metastasis (n=245)
3) Received any anti-tumor therapy before PET/CT (n=163)
)
)

4) Skip surgery or received lobectomy without SND (n=206)
5) Benign pulmonary nodule comfirmed by pathology (n=112)

N\

J

A 4

Lung cancer patients received lobectomy with SND (n=462)

e

Further 1
exclusion °

3
4

.

~— N N N

The SUVmax of primary tumor or LNs < 2.5 (n=89)
The size of primary tumor < 1.0 cm (n=50)

The short-axis diameter of LNs < 0.5 cm (n=48)
Poor image quality (n=15)

A

[ Eligible patients including in the study (n=260) J

> LN- patients (n=109) & LN+ patients (n=151)

N

= Training Set (n=182) & Validation Set (n=78)

Fig. 1 Flowchart showing the patient selection and exclusion

into the LN negative (LN—, pNO, n=109) and positive
(LN+, pN1-2, n=151) groups, and assigned to a training
(n=182) and test (n="78) sets by the random split-sam-
ple (7:3) method. Baseline clinico-biological data of each
patient were reviewed and recorded.

["®FIFDG-PET/CT image protocol

All included patients with a blood glucose levels<8.7
mmol/L fasted for at least 6 h before the [**F]FDG-PET/
CT scan. The scanning protocols of this retrospective

study conducted in the single center were consistent with
our previous study [17], and complied with the stand-
ard clinical scanning protocols [23]. The details of image
acquisition process are given in Additional file 1 and
“Methods” section.

Tumor segmentation and analysis

The target lesions in this study were hypermetabolic
single primary tumor and mediastinal-hilar LNs. The
volume of interest (VOI) of each primary tumor was
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Table 1 Clinical and demographic characteristics of lung cancer
patients

Characteristics Total (n=260) LN— (n=109) LN+(n=151)

Gender
Male 205 (78.85) 85 (77.98) 120 (79.47)
Female 55(21.15) 24 (22.02) 31(20.53)
Age (mean+5SD, y) 62.15+8.62 64.94+6.98 60.10+9.12
Tumor histological
type
ADC 145 (55.77) 56 (51.37) 89 (58.94)
SCC 96 (36.92) 48 (44.04) 48(31.79)
Others 19(7.31) 5(4.59) 14(9.27)
T stage
T 126 (48.46) 66 (60.55) 60 (39.73)
T2 83(31.92) 26 (23.85) 57 (37.75)
T3 34 (13.08) 13(11.93) 21(13.91)
T4 17 (6.54) 4(3.67) 13(8.61)
N stage
NO 109 (41.92) 109 (100) 0
N1 53(20.38) 0 53(35.10)
N2 98 (37.69) 0 98 (64.90)

Data in parentheses are percentages unless otherwise noted. LN— lymph node
negative, LN+ lymph node positive, ADCadenocarcinoma, SCC squamous cell
carcinoma, SD standard deviation, T tumor, N node

segmented by two separated experienced nuclear medi-
cine physicians on the PET images using the gradient-
based semi-automatic contouring algorithm, named
“PET_Edge’, on the Medical Image Merge software
(MIM, version 6.5.4, https://www.mimsoftware.com)
without knowing the pathology determined by consen-
sus. PET_Edge has been confirmed to be the most accu-
rate and consistent method for tumor segmentation than
manual and constant threshold methods [24, 25]. Then,
six metabolic parameters including minimum SUV
(SUVmin), SUVmax, SUVmean, metabolic tumor volume
(MTV), and total lesion glycolysis (TLG) were automati-
cally measured from each VOL

The highest SUVmax of LNs was also recorded for each
patient, simultaneously, the size of the LN with the high-
est SUVmax was measured with the nodal enlargement
criterion of greater than 1.0 cm in short axis diameter on
a transverse CT image of the fused PET/CT [10].

Quantitative radiomics feature extraction

Subsequently, a total of 1702 quantitative radiomics fea-
tures for each VOI were automatically extracted and
calculated from the PET (#=851) and CT (n=851)
images using the “PyRadiomics” module [26], respec-
tively. The radiomic features were divided into four
groups: (1) shape (n=14); (2) intensity (n=18); (3) tex-
ture (n=75, 24 Gy level co-occurrence matrix (GLCM),
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14 Gy level dependence matrix (GLDM), 16 Gy level run
length matrix (GLRLM), 16 Gy level size zone matrix
(GLSZM), and 5 neighboring gray tone difference matrix
(NGTDM)); and (4) wavelet-based (W) features obtained
from the filters (H: high pass filter, L: low pass filter)
applied in the x, y, z directions (n=744). The feature
extraction and its definition were in accordance with the
Imaging Biomarker Standardization Initiative [27], and
its details are described in Additional file 1: Table S1.

Features dimension reduction and selection

So far, we have constructed a CBR dataset containing
1738 multi-scale features (25 clinico-biological features,
11 conventional image features, and 1702 radiomics fea-
tures) for all included patients. The processes of features
dimension reduction and selection were performed using
the classical supervised ML algorithms in the training
set. Firstly, the features with intra- and inter-class cor-
relation coefficients (ICC)<0.8 were excluded due to
the poor consistency and reproducibility. Then, we per-
formed the mRMR algorithm to preliminarily narrow the
range of redundant and irrelevant features, and selected
the top 50 features. Finally, the Lasso algorithm with ten-
fold cross-validation was applied to further screen the
optimal features for prediction model development.

Prediction models and individualized nomogram
development and evaluation

The models for predicting the hypermetabolic medias-
tinal-hilar LNs status in lung cancer were developed by
the multivariable regression with the Akaike’s informa-
tion criterion (AIC), with prediction scores (pre-scores)
of each model calculated for each patient by the linear
fusion of the selected non-zero features weighted by their
coefficients. The performance and clinical utility of these
models were evaluated and compared by the receiver-
operator characteristic curve (ROC) analysis, DeLong
test, and decision curve analysis (DCA) in both the train-
ing and test sets. The area under the curve (AUC) with
95% confidence interval (CI), sensitivity, specificity, accu-
racy, positive predictive value (PPV), negative predictive
value (NPV), FPR, and false negative rate (FNR) were cal-
culated for each model.

For models with similar overall AUC and accuracy, a
lower FPR is more clinically relevant for this study. Thus,
we developed an individualized nomogram to visually
quantify the risk of hypermetabolic mediastinal-hilar
LNs metastasis on the basis of prediction model corre-
sponded to this rule. Calibration curves were plotted to
assess the agreement between the actual probability and
predicted probability of the nomogram by bootstrapping
(1000 bootstrap resamples) in both the training and test
sets.
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Statistical analysis

All data analysis in this study was performed on the R
software (version 4.2, http://www.r-project.org). The fol-
lowing packages “mRMRe’, “glmnet’, “pROC” and “rmda”
were applied for mRMR, Lasso, ROC, and DCA analyses,
respectively. The “rms” package was used to construct
nomogram and calibration curves. Numerical data with
normal distribution were expressed as mean +stand-
ard deviation (SD) and compared using an independ-
ent t-test, while one with non-normal distribution was
expressed as median (interquartile range) and compared
using a Mann—-Whitney U test. Categorical data were
described as counts and their percentages, and com-
pared using Fisher’s exact test or y* test. A two-sided p
value<0.05 was considered statistical significance. The
study process was systematically evaluated using the
radiomics quality score (RQS, range — 8 to+36 points,
https://www.radiomics.world/rqs) [28].

Results

The quality of this study was good with the RQS of
20 (55.56%) (Additional file 1), which was better than
the average of PET/CT radiomics-based lung cancer
researches, all of which scored below 50% [29].

Clinico-biological and conventional image characteristics
of patients

In total, 260 lung cancer patients with both the hypermet-
abolic primary tumor and mediastinal-hilar LNs were
eventually enrolled in this study, including 109 LN— and
151 LN+ patients. The patients’ statistically significant
clinico-biological-image (CBI) features in the training set
are presented in Table 2, while the comparison results of

Page 5 of 13

a total of 36 CBI features between LN- and LN + patients
in the total, training, and test sets are provided in Addi-
tional file 1: Table S2.

LN-— patients were more likely to be elderly ones with
lighter body weight, while LN + patients were more likely
to be younger ones with higher body weight (p<0.05).
Simultaneously, LN + patients generally had higher level
of carbohydrate antigen (CA) 153 and higher positive
rate of carcinoembryonic antigen (CEA) (cut-off value:
5.2 ng/ml) than LN— patients (p <0.05). The SUVmax and
size of LN were significantly related to the LN status in
both the training and test sets (p<0.05). There were no
significant differences in other clinical characteristics
(such as gender and smoking status), biological factors
(such as other conventional lung cancer tumor mark-
ers levels and status, and tumor histological types), and
PET/CT image features (such as the size, location and
all metabolic parameters of primary tumor) between the
LN- and LN + patients according to the univariate analy-
sis (p>0.05).

Features selection and prediction models development

Two independent prediction models have been estab-
lished based on the SUVmax and size of hypermetabolic
mediastinal-hilar LNs, respectively. Their combination
was considered as the diagnostic efficacy of PET/CT. The
CBI Model was developed via 4 valuable clinical and bio-
logical features selected only using Lasso algorithm due
to the low dimensionality of CBI sub-dataset with 34
features (n=25+11-2) (Fig. 2a). Subsequently, 19 PET/
CT radiomics features were selected from the radiomics
sub-dataset (n=1702) by the ICC rule, mRMR and Lasso
algorithms sequentially in the training set (Fig. 2b), and

Table 2 Statistically significant clinico-biological-image of lung cancer patients

Characteristics Training set (n=182) p Test set (n=78) p
LN— (n=78) LN+ (n=104) LN— (n=31) LN+ (n=47)
Age (mean = SD, years) 65.10+7.19" 60.46+888" <0.01 64.52+6.53" 59.30+9.66" 0.01
Weight (kg) 63.12+10.65" 66.92+10.17" 0.02  6145+1189" 66.55+10.69" 0.05
CA153 (U/mL) 1201 (7.85,15.77)* 13.82(10.38,19.81)F 0.01 13.08 (12.02, 15.81) 16.94 (11.62, 17.46)* 0.09
CEA status 0.01 0.25
Negative 59 (75.64) 59 (56.73) 18 (58.06) 21 (44.68)
Positive 19 (24.36) 45 (43.27) 13 (41.94) 26 (55.32)
LN enlarged <0.01 <0.01
Negative 56 (71.79) 30 (28.85) 26 (83.87) 20 (42.55)
Positive 22(2821) 74 (71.15) 5(16.13) 27 (57.45)
LN SUVmax 415+167" 78644117 <0.01 434+155" 7194396 <0.01

Data in parentheses are percentages unless otherwise noted. LN— lymph node negative, LN+ lymph node positive, SDstandard deviation, CA carbohydrate antigen,
CEA carcinoembryonic antigen, SUV standardized uptake value

*Values refer to mean = standard deviation

*Values refer to median (interquartile range). P values were the results of univariate analysis and the bold ones indicated statistical significance
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Fig. 2 Features selection for prediction models using Lasso algorithm using tenfold cross-validation in the training set. The X-axis showed log (A),
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then 10 radiomics features were confirmed by the mul-
tivariable regression with the AIC to establish the Radi-
omics (Rad) Model. Similarly, the CBR Model was built
using the most valuable 7 clinical, biological, image, and
radiomics features for predicting the hypermetabolic
mediastinal-hilar LNs status in the training set (Fig. 2c).
The Pre-scores of each model for each patient were cal-
culated using the following formulas:

Pre-score (LN SUVmax)=— 2.79+0.57*LN SUVmax.

Pre-score (LN Enlarged)= — 0.62+1.84*LN Enlarged
(Negative: 0, Positive: 1).

Pre-score (LN_PET/CT)=
max+0.56* LN Enlarged.

Pre-score (CBI Model)=1.70-0.07*Age + 0.03*Weight
(Kg) +0.04*CA153 (U/mL)+0.65*CEA status (Negative:
0, Positive: 1).

Pre-score (Rad Model)= —
WLLH_GLCM_Cluster Shade+312.10*PET_
WHLL_GLRLM_Short Run Emphasis+5.31*
PET_WHLH_GLDM_Large Dependence Low Gray Level
Emphasis — 2.23e-10*PET_WHHL_GLCM_Cluster
Prominence + 71.66*PET_WHHL_GLCM_Informational
Measure of Correlation 2 (Imc2) — 4.26* CT_shape_Sur-
face Volume Ratio (SVR)+0.03*CT _first order 90 Per-
centile — 0.04*CT_GLDM_Large Dependence Low Gray
Level Emphasis+0.33*CT_WLHH_first order_Median
—3.00*CT_WHHL_GLCM_MCC.

Pre-score (CBR Model)= — 88.38+0.57*LN SUV-
max+0.57*LN Enlarged — 0.12*Age+0.91*CEA sta-
tus+90.95*PET_WHHL_GLCM_Imc2 - 2.06* CT_
shape_SVR + 0.38*CT_WLLH_GLDM_Dependence
Entropy.

LN+ patients generally had higher Pre-scores in all
prediction models than those in LN— patients (p <0.05,
Fig. 3).

— 2.6840.50* LN SUV-

381.80+4.71e—09*PET _

Prediction models evaluation and comparison

The performance of these 6 prediction models to dis-
criminate LN— from LN +is shown in Fig. 4a, b. All the
prediction models were significantly associated with the
hypermetabolic mediastinal-hilar LN status, while the
DeLong test showed that the CBR Model, which con-
sisted of 1 clinical factor, 1 biological marker, 2 conven-
tional PET/CT image features, 1 PET and 2 CT radiomics
parameters, presented the lowest FPR and optimal dis-
crimination among these models in both the training set
(FPR of 12.82%, AUC of 0.90, and accuracy of 84.07%)
and test set (FPR of 6.45%, AUC of 0.89, and accuracy of
82.05%) (both p <0.05) (Table 3).

Compared to the PET/CT, the CBR Model's FPR
decreased by 9.08%, while the AUC and accuracy sepa-
rately increased by 8.43% and 11.69% in the training set.
In the test set, the FPR of CBR Model was consistent with
that of PET/CT, but its AUC and accuracy were signifi-
cantly higher than PET/CT, with an increase of 17.11%
and 16.37%, respectively.

The DCA also showed that the CBR Model was the
most reliable clinical treatment tool for predicting the LN
status in lung cancer when the threshold probability was
greater than 18% (Fig. 4c).

Individualized nomogram development and evaluation

According to the above results, an individualized nomo-
gram based on the CBR Model’s risk factors was success-
fully developed for the visualization. The nomogram’s
score and probability threshold for predicting LNM
were 0.19 and 0.55, respectively (Fig. 5a). The calibra-
tion curves demonstrated a good agreement between
the prediction of the LNM probability by the nomo-
gram and the actual observation in both the training and
test sets (Fig. 5b, c). Then, physicians could perform a
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pretherapeutic individualized prediction of the LNM risk
to develop more reasonable and effective treatment plans
for patients (Fig. 6).

Discussion

In this study, we successfully explored a CBR nomogram
incorporating multi-scale features, which held a more
excellent performance in non-invasively N staging for
lung cancer patients with hypermetabolic mediastinal—-
hilar LNs than conventional PET/CT, thereby greatly
reducing the risk of overestimation and assisting for pre-
cision treatment.

Growing evidence suggests that radiomics integrated
general CBI features achieve higher diagnostic efficacy
than using them alone [30-32]. Thus, the clinico-biologi-
cal factors of patients, PET/CT radiomics data of primary
tumors, and image features of hypermetabolic mediasti-
nal-hilar LNs were all applied to develop the prediction
model in this study. Furthermore, on the basis of success-
fully screening features and establishing excellent mod-
els using a single ML algorithm (Lasso) in our previous
study [17], we applied a combination of ML algorithms
(mRMR + Lasso) to ensure the predictive performance of
the model while minimizing the number of selected fea-
tures to improve the model interpretability in the present
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the hypothesis that all lung cancer patients were LN +and LN—, respectively

study. The prediction performance of CBR Model with
only 7 features established in this study was comparable
to that of Combined Model with 14 features established
in previous study. The result confirmed the feasibility of
this approach.

Accurately identifying FP LNs is more challenging
than assessing all LNs in lung cancer. To the best of our

knowledge, only Ouyang et al. attempted a similar study
using ML strategy [16]. They found that PET radiomics
extracted from hypermetabolic mediastinal-hilar LNs
integrated with CT image features could identify true
and false positives of LNM in patients with non-small
cell lung cancer with the highest AUC of 0.87. However,
they mainly focused the role of LNs and did not concern



Ren et al. European Journal of Medical Research (2023) 28:554 Page 9 of 13
Table 3 Performance of models for predicting hypermetabolic mediastinal-hilar LNs status in lung cancer

Models AUC (95% CI) SEN SPE ACC PPV NPV FPR FNR
Training set

LN SUVmax 0.83(0.77-0.89) 79.81 71.79 7637 79.05 72.73 28.21 20.19
LN enlarged 0.71 (0.65-0.78) 71.15 71.79 7143 77.08 65.12 28.21 28.85
LN_PET/CT 0.83(0.77-0.89) 67.31 85.90 75.27 86.42 66.34 14.10 32.69
CBI'model 0.74 (0.66-0.81) 75.00 43.59 61.54 63.93 56.67 5641 25.00
Rad model 0.76 (0.68-0.83) 85.58 60.26 74.73 7417 75.81 39.74 14.42
CBR model 0.90 (0.86-0.95) 81.73 87.18 84.07 89.47 78.16 12.82 18.27
Test set

LN SUVmax 0.76 (0.65-0.87) 85.11 61.29 75.64 76.92 73.08 38.71 14.89
LN enlarged 0.71 (0.61-0.80) 5745 83.87 67.95 84.38 56.52 16.13 4255
LN_PET/CT 0.76 (0.66-0.87) 55.32 93.55 70.51 92.86 58.00 6.45 44.68
CBI model 0.73 (0.62-0.85) 76.60 58.06 69.23 7347 62.07 41.94 2340
Rad model 0.83(0.73-0.93) 89.36 70.97 82.05 82.35 81.48 29.03 10.64
CBR model 0.89 (0.82-0.96) 7447 93.55 82.05 94.59 70.73 6.45 25.53

AUC area under the receiver operating curve, C/ confidence interval, SEN sensitivity, SPE specificity, ACC accuracy, PPV positive predictive value, NPV negative
predictive value, FPR false positive rate, FNR false negative rate, LN lymph node, SUV standardized uptake value, PET/CT positron emission tomography/computed
tomography, CBI clinico-biological-image, Rad radiomics, CBR clinico-biological-radiomics

the effect of the primary tumor. In this study, the CBR
Model was developed using both the characteristics of
the tumor and LNs, and validated to have more excellent
potential in differentiating LN— (pNO0) from LN+ (pN1-
2) patients in lung cancer (AUCs of 0.90 and 0.89 in the
training and test sets, respectively). Moreover, the incor-
porating PET radiomics feature “WHHL_GLCM_Imc2”
for characterizing tumor texture heterogeneity and CT
radiomics feature “shape_SVR” for measuring tumor
shape of CBR Model have also been selected in the Radi-
omics Model, indicating the robustness of these two fea-
tures with high repeatability and reproducibility, which
has also been confirmed in previous researches [33-35].
LN + patients generally had higher WHHL_GLCM_Imc2
and lower shape_SVR values than those in LN— patients
(p<0.05), suggesting that these two features were related
to the tumor invasiveness, leading to a higher risk of
LNM.

The accuracy of histologic staging of hypermetabolic
LN is also related to the clinico-biological-image factors.
Patients’ age has been proven to be an independent risk
factor, which means younger patients were more prone to
having LNM, consistent with the positive status of pre-
therapeutic serum CEA [36]. Compared to conventional
image tools, PET/CT is a significantly more accuracy
non-invasive diagnostic procedure for LN staging in lung
cancer, although it also has FP FDG-uptake in benign
LNs [37]. Metastatic LNs generally have higher FDG
uptake and bigger size than FP LNs (p<0.05). However,
it was difficult to achieve satisfactory prediction perfor-
mance only using these conventional image parameters

with the relatively higher AUC of 0.83. The efficiency of
non-invasive LN prediction would increase by 8.43% in
the case of CBR Model application. Simultaneously, the
FPR of CBR Model for hypermetabolic mediastinal—hilar
LNs evaluation was also outstanding with a decrease of
32.53~41.73% than previous clinical trials with the FPR
of 19~22% [11, 12].

Furthermore, we generated an integrated nomogram
on the basis of the CBR Model for facilitating its use in
clinical practice. Then, the physicians could perform a
preoperative individualized prediction of the LNM risk
with this easy-to-use scoring tool, which could provide
a non-invasive and accurate approach for patients who
were unwilling or unable to undergo biopsy to develop
more reasonable and effective treatment plans. The
DCA also showed the nomogram added more benefit
than either the treat-all-patients as LN— or the treat-all-
patients as LN+, which was more valuable for the cur-
rent trend toward personalized medicine [38, 39].

This study still has some limitations. Firstly, this retro-
spective study was conducted in a single center, which
was the main cause of the decrease in RQS and also led
to patient selection bias. It is necessary to design another
prospective, multi-center, and large-cohort study to fur-
ther validate the performance and generalization abil-
ity of the CBR Model in the real-world clinical settings
[40]. Secondly, there is no significant statistical differ-
ence in primary tumor size, histologic type and metabolic
parameters between LN— and LN+ patients, consistent
with the report [41]. This may be related to the weak-
ened role of primary tumor in cases the included patients
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Fig. 5 The nomogram was developed using the risk factors of CBR Model in the training set (a). The probability of each predictor could be
converted into scores according to the first scale at the top of the nomogram. After adding up the corresponding prediction probability

at the bottom of the nomogram was the risk of LNM. The nomogram's score and probability threshold for predicting LNM were 0.19 and 0.55,
respectively. Calibration curves showed the actual probability corresponded closely to the prediction of nomogram in training (b) and test (c) sets,

respectively

with both hypermetabolic tumor and LNs, equivalent to
subgroup analysis. The sample size of patients, including
ones with FDG-negative LNs, will be expanded to verify
this hypothesis in further works. Thirdly, the radiomics

analysis in this study only applied for primary tumor
with semi-automatic segmentation, not LNs. This is due
to the fact that larger tumors are more suitable for VOI
segmentation that contribute to the robustness of study.
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and without distant metastasis (a—c). After completing the radiomics process (b, ¢) and applying the nomogram (d), the LNM probability of this
patient was 0.12 (<0.55), indicating a low risk of LNM. The pathological result of lobectomy with SND confirmed the negative status of mediastinal-
hilar LN (0/7). The nomogram could improve the accuracy of hypermetabolic mediastinal-hilar LNs evaluation in lung cancer
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