:\' frontiers
in Oncology

ORIGINAL RESEARCH
published: 17 November 2021
doi: 10.3389/fonc.2021.769272

OPEN ACCESS

Edited by:
Yiyan Liu,
University of Louisville, United States

Reviewed by:

Zehua Zhu,

Xiangya Hospital, China

Hongzan Sun,

Shengjing Hospital of China Medical
University, China

*Correspondence:

Xiaohua Zhu
evazhu@vip.sina.com
orcid.org/0000-0003-0495-9510

TThese authors have contributed
equally to this work

Specialty section:

This article was submitted to
Cancer Imaging and
Image-directed Interventions,
a section of the journal
Frontiers in Oncology

Received: 01 September 2021
Accepted: 25 October 2021
Published: 17 November 2021

Citation:

Zhou J, Zou S, Kuang D, Yan J,
Zhao J and Zhu X (2021) A Novel
Approach Using FDG-PET/CT-Based
Radiomics to Assess Tumor Immune
Phenotypes in Patients With
Non-Small Cell Lung Cancer.

Front. Oncol. 11:769272.

doi: 10.3389/fonc.2021.769272

Check for
updates

A Novel Approach Using FDG-PET/
CT-Based Radiomics to Assess
Tumor Immune Phenotypes in
Patients With Non-Small Cell

Lung Cancer

Jianyuan Zhou', Sijuan Zou', Dong Kuang?, Jianhua Yan®, Jun Zhao "*"

and Xiaohua Zhu"™"

" Department of Nuclear Medicine and PET, Tongji Hospital, Tongji Medical College, Huazhong University of Science and
Technology, Wuhan, China, 2 Department of Pathology, Tongji Hospital, Tongji Medical College, Huazhong University of
Science and Technology, Wuhan, China, 3 Shanghai Key Laboratory of Molecular Imaging, Shanghai University of Medicine
and Health Sciences, Shanghai, China, 4 School of Basic Medicine, Tongji Medical College, Huazhong University of Science
and Technology, Wuhan, China

Purpose: Tumor microenvironment immune types (TMITs) are closely related to the
efficacy of immunotherapy. We aimed to assess the predictive ability of '8F-
fluorodeoxyglucose positron emission tomography/computed tomography (*®F-FDG
PET/CT)-based radiomics of TMITs in treatment-naive patients with non-small cell lung
cancer (NSCLC).

Methods: A retrospective analysis was performed in 103 patients with NSCLC who
underwent '8F-FDG PET/CT scans. The patients were randomly assigned into a training
set (n = 71) and a validation set (n = 32). Tumor specimens were analyzed by
immunohistochemistry for the expression of programmed death-ligand 1 (PD-L1),
programmed death-1 (PD-1), and CD8+ tumor-infiltrating lymphocytes (TILs) and
categorized into four TMITs according to their expression of PD-L1 and CD8+ TILs.
LIFEx package was used to extract radiomic features. The optimal features were selected
using the least absolute shrinkage and selection operator (LASSO) algorithm, and a
radiomics signature score (rad-score) was developed. We constructed a combined model
based on the clinical variables and radiomics signature and compared the predictive
performance of models using receiver operating characteristic (ROC) curves.

Results: Four radiomic features (GLRLM_LRHGE, GLZLM_SZE, SUVmax,
NGLDM_Contrast) were selected to build the rad-score. The rad-score showed a
significant ability to discriminate between TMITs in both sets (p < 0.001, p < 0.019),
with an area under the ROC curve (AUC) of 0.800 [95% CI (0.688-0.885])] in the training
set and that of 0.794 [95% CI (0.615-0.916)] in the validation set, while the AUC values of
clinical variables were 0.738 and 0.699, respectively. When clinical variables and
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radiomics signature were combined, the complex model showed better performance in
predicting TMIT-I tumors, with the AUC values increased to 0.838 [95% CI (0.731-0.914)]
in the training set and 0.811 [95% CI (0.634-0.927)] in the validation set.

Conclusion: The FDG-PET/CT-based radiomic features showed good performance in
predicting TMIT-I tumors in NSCLC, providing a promising approach for the choice of
immunotherapy in a clinical setting.

Keywords: radiomics, tumor microenvironment immune types, non-small cell lung cancer, 18F-FDG PET/CT, PD-L1

INTRODUCTION

Lung cancer is the leading cause of cancer-related deaths in the
United States (1). Among the common subtypes of lung cancer,
non-small cell lung cancer (NSCLC) represents approximately
85% of lung cancer cases. Most of the patients with NSCLC are
already at an advanced stage upon diagnosis, whose 5-year
survival rate is below 5% (2). Recently, immune checkpoint
inhibitors targeting the programmed death-1 (PD-1)/
programmed death-ligand 1 (PD-L1) axis have become
standard treatments for patients with advanced NSCLC.
Biomarkers, including the tumor proportion score of PD-L1,
are being tested in clinical trials for its ability to identify patients
who are most likely to benefit from immunotherapy (3).
However, the predictive ability of PD-L1 expression is still
under debate (4), since the majority of patients with PD-L1-
positive tumors did not respond to PD-1/PD-L1 blockade. In
addition to cancer cells, tumor immune microenvironment also
plays a critical role in immunotherapy. Recent studies have
demonstrated that tumor tissue dampened the host immune
response by upregulation of PD-L1, which subsequently ligated
to PD-1 on the antigen-specific CD8+ T cells (5). Therefore,
without the preexistence of CD8+ tumor-infiltrating lymphocytes
(TILs), blockade of PD-L1 or PD-1 is unlikely to achieve any
antitumor efficacy. Tumor immune microenvironment could be
classified into four types according to the status of PD-L1 expression
and CD8+ TIL abundance (6, 7), while the tumors with tumor
microenvironment immune type I (TMIT-I), i.e., with high PD-L1
expression and presence of CD8+ TILs, are more likely to benefit
from anti-PD-L1/PD-1 therapies (6). An accurate identification of
the TMIT-I subset not only can maximize the therapeutic efficacy of
anti-PD-1/PD-L1 therapy but also can minimize the adverse effects
of treatments. However, to date, there are no noninvasive methods
to specifically identify the TMITs of NSCLC tumors.

Medical imaging allows a noninvasive evaluation of tumor and
its microenvironment, as well as a longitudinal assessment of
tumor progression. '*F-fluorodeoxyglucose positron emission
tomography/computed tomography (‘*F-FDG-PET/CT) is one
of the most commonly used diagnostic imaging modalities in
oncology (8). "*F-FDG PET monitors the metabolism of glucose
that is actively entrapped as nutrients in neoplastic tissues and
tumor-associated activated immune cells (9). Therefore, '*F-FDG
PET signals depicting the glucose metabolism are closely related to
the characteristics of tumor immune microenvironment. Previous
studies have shown a direct association between the maximum

standardized uptake value (SUVmax) of 18 FDG-PET and the
expression of tumor-related immunity markers within the tumor
immune microenvironment (10, 11). However, the SUVmax does
not account for the spatial heterogeneity in the metabolism and
biological features of tumor. Its predictive value on patients treated
with immune checkpoint inhibitors remains weak. Tumor
heterogeneity poses a significant challenge to personalized
cancer medicine. The heterogeneity in the tumor uptake of FDG
is of clinical importance as evidenced by a number of clinical trials
(12). However, little attention is paid to the association between
tumor immune microenvironment and the intratumoral
heterogeneity of '*F-FDG uptake. Radiomics is a rapidly
evolving field of research that is focused on the extraction and
quantification of patterns within medical images (13). Unlike
biopsies that only take a snapshot within a small tumor portion,
radiomics captures heterogeneity across the entire tumor volume.

This retrospective study was conducted to establish a correlation
between the intratumoral heterogeneity of '*F-FDG PET signals
and tumor immune phenotype in a cohort of treatment-naive
NSCLC patients. We hypothesized that radiomic features would
provide insights into TMIT categorization and help optimize patient
selection for immunotherapy.

MATERIALS AND METHODS

Patients

With approval from the institutional review board, we
retrospectively analyzed consecutive patients who had been
diagnosed pathologically with NSCLC between December 2014
and December 2017 at our institution. Enrollment eligibility:
patients histologically confirmed to present NSCLC and
underwent initial '*F-FDG PET/CT scan within 30 days of
surgery or biopsy; tumor size =1 cm in diameter. Exclusion
criteria: patients who received antitumor therapy before surgery
or biopsy due to the concern of therapy-induced alteration in
PD-L1 expression. Patients without available tumor specimens
for immunohistochemistry were also excluded.

Immunohistochemistry Analysis

Immunohistochemistry was performed using protocols
described in a previous study (14). In brief, 4-um continuous
sections were prepared from formalin-fixed, paraffin-embedded
(FFPE) tissue blocks. Slides were autostained by the Leica Bond-
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Max automation (www.leica-microsystems.com) with primary
antibodies against CD8 (ZA-0508, ZSGB-BIO), PD-1 [Abcam,
EPR4877(2), ab137132], and PD-L1 (ZA-0629, ZSGB-BIO). The
analysis of Immunohistochemistry results was performed as our
previous study (15). The PD-L1 immunostaining results were
classified into two groups based on staining intensity and
proportion of tumor cell positivity. Staining intensity was
scored as 0-3: 0, negative staining; 1, weak staining; 2,
moderate staining; and 3, strong staining (more intense than
alveolar macrophages). Cases with more than 5% of tumor cells
and staining intensity >2 were defined as positive. Cases with
staining intensity <2 or with positive staining in less than 5% of
tumor cells were defined as negative. The expressions of PD-1
and CD8+ TILs were evaluated according to the average number
of positively stained cells in three randomly selected high-power
fields (HPFs) in each case. The numbers of CD8+ TILs were
classified into two groups based on the median value (n=99):
CD8+ TILs- (n < 99) and CD8+ TILs+ (n > 99).

Four TMITs were classified as reported (6): TMIT-I (PD-L1+,
CD8+ TILs+), TMIT-II (PD-L1-, CD8+ TILs-), TMIT-III
(PD-L1+, CD8+ TILs-), and TMIT-IV (PD-L1-, CD8+ TILs+).

8F_.FDG PET/CT Acquisition Protocol and
Image Analysis

'"E-FDG was intravenously administered at a dose of 3.7 MBq/
kg after fasting for at least 6 h. The blood glucose concentration
was lower than 11 mmol/L before injecting '*F-FDG. PET/CT
imaging was performed on a PET/CT scanner (Discovery 690
PET/CT, GE) at 60 + 5 min after FDG administration. Whole-
body images were obtained from the base of the skull to mid-
thigh by means of an integrated PET/CT tomography (5-7 bed
positions with 2 min per bed position). A low-dose helical CT
scan (120 kV; 120 mA; slice thickness, 3.75 mm) was performed
for anatomical correlation and attenuation correction.
Reconstructed images were then displayed on a GE ADW4.5
workstation. Tumor mass was identified as the volume with
elevated '®F-FDG uptake compared to normal lung parenchyma
or other mediastinal structures. SUVmax was defined as the
highest pixel value of PET imaging. Tumor burden was
calculated by drawing a three-dimensional volume of interest
(VOI) on the volume of tumor-related metabolic activity and
applying a percentage threshold at 30% of SUVmax.

Radiomic Feature Extraction

The feature extraction was performed as previously described
(16). Briefly, LIFEx package (version 5.10, http://www.lifexsoft.
org) was used to extract the texture features of "*F-FDG PET/CT
images of lesions in the same VOL The '*F-FDG PET/CT images
of the patient in the DICOM format were imported into the
software. Two experienced PET/CT diagnostic physicians
semiautomatically delineated the VOI of the target lesion using
a threshold at 30% of SUVmax. The interobserver reliability
between the two physicians was analyzed. Then, the software
program automatically calculates and extracts 52 PET radiomic
features and 51 CT radiomic features, which are provided in
Supplemental Table 1.

Radiomic Feature Selection and
Model Establishment
Radiomic features with significant differences among different
TMITs were selected in the training set using the Mann-
Whitney U test with a p-value <0.05. The least absolute
shrinkage and selection operator (LASSO) algorithm with 10-
fold cross-validation was then used to select the optimal
predictive features in the training set. The selected features
with non-zero coefficients at the minimum of lambda were
selected to construct a radiomics signature score (rad-score).
Finally, rad-score and clinical variables were combined to establish a
complex model using multivariate logistic regression analysis.
Model performance was tested in the validation set. Briefly,
receiver operating characteristic (ROC) curve and area under the
ROC curve (AUC) were used to evaluate the model performance
in the training and validation sets. A nomogram was developed
to display the prediction results for each patient using the rad-
score and clinical variables, and calibration curves were plotted
to improve the nomogram’s prediction accuracy. Furthermore,
decision curve analysis (DCA) was performed to evaluate the
clinical usefulness of the combined model by quantifying the net
benefits at different threshold probabilities.

Statistical Analysis

All statistical tests were performed using SPSS statistical package
(version 22.0, IBM, Armonk, NY, USA), MedCalc (MedCalc
Software bvba, Ostend, West Flanders, Belgium), and R version
3.6.2 (http://www.r-project.org).

Feature reliability was analyzed using an intraclass correlation
coefficient (ICC), where ICC 20.75 is generally considered to
indicate good repeatability of the measured results. Mann-
Whitney U test and Fisher’s exact test were used to test the
differences between continuous variables or categorical variables,
respectively. Relations between two variable distributions were
analyzed with the Spearman rank correlation coefficient (rho).

R package “glmnet” was used to perform LASSO binary
logistic regression analysis, “rms” package to create the
nomogram and calibration curve, “rmda” package to plot the
DCA, “ggplot” package to plot the bar graph, and the “pROC”
package to analyze ROC curves. A p-value <0.05 was considered
statistically significant.

RESULTS

Patient Characteristics

In total, 103 patients were eligible for the retrospective analysis.
The median age of the patients was 59 years old (range: 33-78
years old). The patients were randomly assigned to training or
validation set at a ratio of 7 to 3, with 71 cases in the training set
and 32 in the validation set. The baseline characteristics of the
patients are summarized in Table 1.

Feature Reliability

Feature extraction was performed by two physicians to ensure
the validity and reproducibility of the procedure. After
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TABLE 1 | Demographic and clinical data of all patients.

Variables All patients (n = 103)
Age (years) Range 59 (33-78)
Gender Male 57
Female 46
Smoking Smoker 45
Non-smoker 58
Histology SCC 28
No-SCC 75
Stage | 37
I 24
Il 30
\Y2 12
SUVmax Range 9.49 (0.88-23.5)

Training set (n = 71) Validation set (n = 32) P
56 (33-78) 63 (49-76) 0.03
35 22 0.09
36 10
26 19 0.03
45 13
17 11 0.208
54 21
23 14 0.20
16 8
23 7
9 3
9.61 (0.88-23.5) 9.00 (1.19-21.0) 0.932

SCC, squamous cell carcinoma.

examining the inter-set differences with Manny-Whitney U-test,
as well as the interobserver reliability with ICC, it was concluded
that none of the features was significantly different from each
other (p > 0.05), suggesting that all the features were reliable and
reproducible (ICC > 0.75).

Correlations Between Radiomic Features
and Immune Variables
By Mann-Whitney U test, 51 radiomic features were
significantly different between PD-L1+ and PD-LI- patients
(p < 0.05) (Supplemental Table 2). ROC for these indices
showed moderate ability for predicting PD-L1 expression
(AUC < 0.710), and the preferable features in differentiating
PD-L1 status include SUVmax (AUC = 0.704) among the basic
features and GLRLM_LRHGE (AUC = 0.702) and
GLRLM_HGRE (AUC = 0.700) among the texture features.
Thirty-seven radiomic features correlated with CD8+ TILs in
NSCLC (rho = -0.289 to 0.310, p < 0.05), among which
NGLDM_Contrast has a strong correlation with CD8+ TILs
with the largest linear correlation coefficient (rho = 0.310, p =
0.001; Supplemental Table 3).
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In addition, PD-1+ TILs correlated with abundant radiomics
indices, including 40 PET features and 28 CT features (rho = -0.317
to 0.356, p < 0.05; Supplemental Table 3). The strongest correlation
was between SUVpeak (1 ml) and PD-1 expression (rho = 0.356,
p < 0.001; Supplemental Table 4).

Feature Extraction

To avoid model overfitting, radiomic features with p-values <0.05
were first selected by the Mann-Whitney U test. Seventy-three
features (42 PET features, 31 CT features) were found significantly
different among TMIT groups in the training set. All of these
features showed moderate power for predicting the TMIT-I
tumors (Figure 1).

Construction of the Radiomics Signature
and Complex Model

LASSO algorithm and 10-fold cross-validation were used to
extract the optimal subset of radiomic features from the 73
features above. Four radiomic features were then selected to

build the radiomics signature score based on the 71 patients in
the training set (Figure 2) as follows: GLRLM_LRHGE,

100 —

80—

Sensitivity

20
= GLZLM_SZE

= CONVENTIONAL_HUmax
I T ST T T T [N ST S [ T ST |

0 20 40 60 80 100
100-Specificity

FIGURE 1 | (A) The performance of radiomic features for the evaluation of tumor microenvironment immune type (TMIT)-I tumors. All the features showed moderate
power for predicting the TMIT-I tumors, and PET features have better ability than CT features with higher area under the receiver operating characteristic (ROC) curve
(AUC). Panel (B) was the ROC curve of the optimal PET (GLZLM_SZE) and CT (Conventional_HUmax) features to distinguish TMIT-I from other groups.
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GLZLM_SZE, SUVmax, and NGLDM_ Contrast. The first three
were PET features, and the last one was a CT feature. A rad-score
for each patient was calculated using the following formula:

Rad — score = GLZLM _SZE x 0.6929504962 +
GLRLM _LRHGE X 0.0001966283 + SUVmax
x 0.0707030000 + NGLDM _ Contrast
x 0.0086261012 — 2.5406198360

(1)
The median and the range for the four selected radiomic
features and the calculated rad-score are shown in Table 2. The

VUTRUN IR nyypyon s _
s B i 004ustataneesassecessssencssasoncessiesaiil
T T T I T
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FIGURE 2 | The least absolute shrinkage and selection operator (LASSO) algorithm and 10-fold cross-validation were used to extract the optimal subset of radiomic
features. (A) Tuning parameter (lambda, A) selection in the LASSO model used 10-fold cross validation for the training set. The mean deviance (goodness-of-fit statistics,
red dots) was plotted vs. log (A), error bars displaying the range of standard error. Dotted vertical lines were drawn at the point of minimum deviance and at the point
where maximum A was obtained among errors smaller than the standard error of minimum deviance. (B) LASSO coefficient profiles of the 73 texture features.

different among the TMITs in both the training and the
validation sets (p < 0.05). The rad-score for each patient in the
two sets was displayed as a bar graph in Figure 3.

With multivariate logistic regression analysis (using backward
stepwise elimination method), the combined model was
constructed based on the clinical variables (age, gender,
smoking history, stage) and radiomics signature. The formula
was as follows:

Model — score = 1.668 X rad — score + 1.481 x smoking

rad-score and the four selected features were significantly -0.121 (2)

TABLE 2 | The differences of four selected radiomic features and the calculated rad-score between TMITs.

Variables Training set (n = 71) p Validation set (n = 32) P
TMIT-I (n = 18) TMIT-lI~IV (n = 53) TMIT-I (n=7) TMIT-lI~IV (n = 25)

Rad-Score -0.645 (-1.67 to 0.64) -1.328 (-2.47 t0 -0.08) 0.000157 -0.734 (-1.223 to 0.123) -1.286 (-2.39 to 0.289) 0.018895

PET features

SUVmax 12.65 (5.10-23.50) 8.03 (0.875-19.50) 0.000634 13.70 (8.01-19.40) 8.13 (1.19-21.00) 0.024031

GLRLM_LRHGE 617 (85.90-2,680) 242 (18.50-1,440) 0.000750 664.0 (254-1,180) 276 (25.8-1770) 0.030368

GLZLM_SZE 0.697 (0.514-0.797) 0.548 (0.001-0.872) 0.000438 0.707 (0.421-0.763) 0.535 (0.017-0.791) 0.040220

CT feature

NGLDM_Contrast 37.40 (0-72.80) 15.10 (0-62.60) 0.009743 30.7 (14.6-61.6) 21.30 (0-78.4) 0.171421

TMIT, tumor microenvironment immune type.
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type (TMIT)-I tumors were higher than other TMIT-II~IV.

Performance of the Radiomics Signature
and Clinical Features

We evaluated the models based on radiomics signature, clinical
variables (smoking history), and the complex model in terms of
their ability to predict TMIT-I tumors. The complex model had
good predictive ability, and its AUCs in differentiating TMIT
groups were 0.838 [95% CI (0.731-0.914)] in the training set and
0.811 [95% CI (0.634-0.927)] in the validation set. The predictive
abilities of the four models, including sensitivity and specificity,
were shown in Table 3. The differences of AUC values in
different variables were shown in Figure 4. Notably, the AUCs
of the complex model and smoking history were significantly
different in the training set and validation set (p = 0.0156, p =
0.0250). The AUC values of the complex model and radiomics
signature were not significantly different in either the training set
or the validation set (p > 0.05).

Individualized Nomogram Construction
and Validation

Given that the complex model based on both rad-score and
clinical variables had better ability to predict TMIT-I tumors, we
created a nomogram representing the individualized predictions
based on the training set, which visualized the prediction result
and the proportion of each factor (Figure 5A) . The calibration
curves of the nomogram in the training and validation sets were
presented in Figures 5B, C and showed good agreement between
the predicted and observed values in the training set. DCA for
the combined model (Figure 6) showed that prediction of

w‘n‘\'mwi w‘" \m'ﬂ“\n""u

Patiens

FIGURE 3 | Rad-score of patients in the cohort of patients with non-small cell lung cancer (NSCLC). Generally, rad-scores in the tumor microenvironment immune

TMITs

TMIT-I tumors with the complex model added more benefit to
SUVmax and the clinical variable (smoking history) in the
training set. Figure 7 showed that a representative patient with
a TMIT-I type exhibited a hypermetabolic and heterogeneous
tumor on '®F-FDG PET, characterized by high expression of PD-
L1 and high density of PD-1, CD8+ TILs.

DISCUSSION

The past decade was marked by a revolution in the treatment of
NSCLC, including the variety of immunotherapy strategies
targeting the tumor immune microenvironment (17-19).
Biomarkers, such as TMIT-I, can identify the patient population
that are more likely to respond to the immunotherapy (6).
Consequently, novel approaches to assess the tumor immune
microenvironment are of particular interest in clinical practice.
We strived to address this need by proposing an '*F-FDG-PET/
CT-based radiomics to assess TMITs, especially TMIT-I tumors in
pretreatment NSCLC patients. To the best of our knowledge, this
is the first attempt to identify this type of immune “hot” tumors
using PET/CT-based radiomics in pretreatment NSCLC patients.

Among the selected features in our work, numerous indices,
including basic and texture features, were associated with PD-L1/
PD-1 expression and CD8+ TILs. The metabolic characteristics
of PD-L1/PD-1 expression in lung cancer were revealed in the
previous study (10, 11). It seems that PD-L1-positive cells take
up more glucose. Tumor microenvironment with high PD-L1

TABLE 3 | Predictive performance of variables in the training and validation sets.

Variables Training set Validation set

AUC (95% ClI) Sensitivity (%) Specificity (%) AUC (95% CI) Sensitivity (%) Specificity (%)
Model-score 0.838 (0.731-0.914) 72.22% 88.68% 0.811 (0.634-0.927) 85.71% 76.00%
Rad-Score 0.800 (0.688-0.885) 66.67% 81.13% 0.794 (0.615-0.916) 100% 56.00%
Smoking 0.738 (0.621-0.836) 72.22% 75.47% 0.699 (0.481-0.824) 85.71% 48.00%
SUVmax 0.771 (0.656-0.862) 72.22% 73.58% 0.783 (0.602-0.908) 85.71% 72.00%
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Training set
sets

AUCs between Model-score and smoking in both the training and validation sets.

FIGURE 4 | The differences of area under the receiver operating characteristic (ROC) curve (AUC) values in different variables. There are significant differences in

Models

. Model_score
- Rad_score
. Smoking
. SUVmax

Validation set

expression is often accompanied with dysfunctional anti-tumor
immune responses, and therefore can foster immune tolerance
that is favorable for tumor progression (20). However, the
molecular mechanism between glucose metabolism and PD-L1
expression has not been fully revealed. Chang et al. (21) reported
that PD-L1 expression maintained Akt/mammalian target of
rapamycin (mTOR) signaling, which in turn promoted
metabolic pathway through the translation of glycolysis enzymes.
It might partly explain that the PD-L1/PD-1-positive tumors were
more heterogeneous with more '*F-FDG involvement in tumor
cells. Moreover, the PD-L1 protein expression has been noted to be
heterogeneous within different intertumoral regions, and the
distribution of expression was frequently present near stromal
tumor interfaces (22). Some tumors may display heterogeneous
PD-L1 expression at different biopsied sites, which may partly
explain the reason of mixed response to anti-PD-L1/PD-1 therapy
(23, 24). On the other hand, the distribution of PD-L1 expression
may cause different metabolic distributions of tumor cells. As is
well known, the heterogeneity of image voxel intensities can be
quantified by different image processing and analysis methods,
including texture analysis, thus texture features describe the
uniformity and heterogeneity of the PET images. These
metabolic patterns could be representative of the intratumoral
heterogeneous expression of PD-L1/PD-1.

Previously, quantitative CT radiomic features were extracted
to predict PD-L1 expression in advanced-stage lung
adenocarcinoma, yet their ability to predict PD-L1 positivity
was weak (AUC = 0.661) (25). Recently, radiomics models of
PET/CT demonstrated good performance in classifying a group
of patients with PD-L1 expression, either 21% or >50%; however,
TILs were not included in their research (26). Meanwhile, Jiang
et al. (26) found that the performance of PET features was still
unsatisfying, although the radiomics-based signatures from CT
data achieved significant and robust individualized estimation of
specific PD-L1 status. In this study, we used "*F-FDG-PET/CT-

based radiomics to analyze the correlation between radiomic
features and PD-L1 expression. Among the numerous
parameters, GLRLM_LRHGE derived from the PET images is
the preferable feature to discriminate the PD-L1 status and
achieved a moderate performance of predicting PD-L1.
GLRLM reflects the comprehensive information of the image
gray scale with respect to direction, adjacent interval, and
variation amplitude (27), which is a set of statistical features
extracted from medical images and frequently applied in
radiomics (28, 29). Long-Run High Gray-level Emphasis
(LRHGE) is the distribution of the long homogeneous runs
with high gray levels. This may reflect that intertumoral
regions with high PD-L1 expression are associated with high
gray levels (or high metabolic distribution) on PET images.
Interestingly, NGLDM_Contrast had a strong correlation with
CD8+TILs. NGLDM_Contrast measures the intensity difference
between neighboring regions. Several studies have shown that
preexisting tumoral and peritumoral immune infiltration
correlates with patient response to anti-PD-1 and anti-PD-L1
therapy (30). CD8+ TILs are not evenly distributed within the
tumor, where both T cell-infiltrated and T cell-excluded regions
are present (31). It is likely that the heterogeneous distribution of
CD8+ TILs contributed to the heterogeneity pattern of tumor
metabolism, which was depicted by NGLDM_ Contrast.
Rad-signature and complex model showed better predictive
performances for TMIT-I tumors compared to the conventional
features (SUVmax) and clinical variables probably because
SUVmax alone does not accurately recapitulate the spatial
heterogeneity of tumor metabolism (32). Radiomics aims to
extract quantitative information from medical images that are
difficult to be recognized or quantified by human eyes (33). Until
recently, Sun et al. (34) developed a radiomics signature
predictive of immunotherapy response by combining contrast-
enhanced CT images and RNA-seq genomic data. The signature
was able to discriminate inflamed tumors from immune-desert
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tumors, although with a modest AUC value of 0.76. Still, the
ability of the radiomics signature to predict the gene expression
signature of CD8 cells is unsatisfactory in the validation set
(AUC = 0.67), underlying the importance of developing more
and better imaging modality-based radiomics. We assessed the
tumor immune microenvironment with '*F-FDG-PET/CT
radiomics and provided a promising way to predict the tumor
immune phenotype. The nomogram included the radiomics
signature score and clinical variables, which visualized the
prediction results and provided an easy-to-use method for
individualized prediction of TMIT-I tumors. In addition,
radiomics-based signature could provide predicting outcomes
at the time of image acquisition, providing a real-time guidance
for patient stratification and therapeutic efficacy prediction.
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FIGURE 5 | Development and performance of a nomogram. (A) Nomogram based on rad-score and clinical factors (smoking history). Calibration curves (B, C) of
the nomogram in the training set. The horizontal axis is the predicted incidence of the tumor microenvironment immune type (TMIT)-I tumors. The vertical axis is the
observed incidence of the TMIT-I tumors. The diagonal line is the reference line, indicating that the predicted value is equal to the actual value. The prediction results
and diagonals were basically coincident, indicating that the prediction results were accurate.

DCA was used to facilitate the comparison between different
prediction models. The utility of risk models may be evaluated
with cost-effectiveness studies in clinical practice (35). DCA
focuses on net benefit, which combines the number of true
positives and false positives into a single “net” number (36,
37). In the TMIT example, the “net” values were calculated by
subtracting the false positives (inconsistent biopsies showing
other types of TMITs from the true positives TMIT I tumors
confirmed by biopsies).

As seen in Figure 6, the clinical usefulness of each model was
evaluated using DCA method by plotting the “net” benefit of
using the model to stratify patients (y axis) against the
continuum of potential thresholds for the probability of TMIT-
1 tumors (x axis) (38). This study developed and validated a
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complex model to identify NSCLC patients with Type-I TMIT.
The novel approach was based on radiomic features, clinical
variable, and '®F-FDG uptake. The '®F-FDG uptake accounted
for intratumoral heterogeneity that correlated with underlying
biological processes. The model described in our study showed
good discriminative ability in both training and validation sets
and exhibited higher predictive accuracy than conventional PET
parameters (e.g., SUVmax). Within the range from 0.15 to 0.4 of
the threshold probabilities, the model obviously showed a higher
curve than that of SUVmax in Figure 6, indicating a much
higher net benefit of our complex model than that of SUVmax.
Therefore, this complex model obtained more true-positive cases
of TMIT-I tumors and avoid more false-negative cases of other
immune types. Considering the low probability of TMIT-I in
clinical practice, it indicates that our DCA curve has a promising
potential for clinical application. We agree that the DCA curve of
the verification set is less optimal than that of the training set,
which may require expansion of sample size and further
optimization of the training model. Nevertheless, the DCA
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FIGURE 6 | Decision curve analysis (DCA) of each model in predicting tumor microenvironment immune type (TMIT)-I for non-small cell lung cancer (NSCLC). The
vertical axis measures standardized net benefit. The horizontal axis shows the corresponding risk threshold. In the training set (A), the DCA showed that if the
threshold probability is between 0.1 and 0.8, using the complex model (brown line) provided a greater benefit than the clinical model (blue curve) and basic PET
parameter (green curve). In the validation set (B), the DCA showed that if the threshold probability is between 0.1 and 0.5, using the complex model provided a
greater benefit than the clinical model.

curves demonstrated advantages of complex model over
radiomics, indicating clinical variable is also important.

To the best of our knowledge, there are no consensus cutoft
values of PD-L1 and CD8+ TILs, even though the Food and Drug
Administration (FDA) approved the cutoff of 50% tumor
proportion score for first-line therapy with pembrolizumab
and 1% tumor proportion score for second-line therapy with
pembrolizumab/atezolizumab/bevacizumab (39). For the
expression of PD-L1, we referred to a previous literature with a
relatively large cohort and thus more reliable results (40). Koh
et al. (39) evaluated PD-L1 immunohistochemistry based on the
intensity and proportion of membranous and/or cytoplasmic
staining in tumor cells. For CD8+ TILs, median or mean values
were often used for classification of high or low infiltration (7,
41). Lin et al. (42) transferred continual variables like CD8+ T-
cell infiltrating density and PD-1/PD-L1 mRNA expression level
into categorical variables (high vs. low) with median value as
cutoff point. Similarly, a recent assessment for PD-L1 was
performed by Noh et al. (43), where PD-L1 expression was
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FIGURE 7 | Representative '®F-fluorodeoxyglucose positron emission tomography/computed tomography ('®F-FDG PET/CT) images of a 52-year-old female
patient, defined as tumor microenvironment immune type (TMIT)-I tumor. (A) MIP figure, (B-D) CT, PET, PET/CT fusion images. A nodule was in the lower lobe of
the left lung (arrow) with markedly increased radioactivity, SUVmax: 10.3, GLRLM_LRHGE: 382, GLZLM_SZE: 0.682, and GLCM_Contrast: 14.6. The surgical
pathology: poorly moderately differentiated squamous cell carcinoma. (E) High programmed death-ligand 1 (PD-L1) expression. (F) Programmed death-1 (PD-1)

tumor-infiltrating lymphocytes (TILs) high density. (G) CD8+ TILs high density.

interpreted based on the proportion and intensity (graded as 0-
3) of positive tumor cells. Besides, they utilized mean values as
the cutoff threshold to categorize the CD8 TILs as “high” or
“low.” Based on the above, PD-L1+ was defined as more than 5%
of tumor cells with staining intensity >2, and median value >99
was for CD8+ TILs in our study.

Our study has some limitations. First, it was of a single-center
design and the relatively small sample size may influence the
predictive ability of radiomics signature. Therefore, it is necessary
to carry out multicenter studies and test multicenter data to ensure
better robustness of the model. Second, patients with both lung
squamous cell carcinoma and adenocarcinoma were enrolled and
investigated, and the predictive performance of each tumor
subtype should be further validated separately in a larger cohort.
Third, with the development of quantitative imaging methods
along with machine learning, it provides powerful modeling tools
to mine the huge amount of image data available and reveal
underlying complex biological mechanisms (44). Therefore, more
advanced radiomics approaches, such as machine learning and
deep learning, should be established to develop a model with
optimal prediction performance.

CONCLUSION

In conclusion, a radiomics signature and complex model were
developed and validated in patients with NSCLC. '*F-FDG-PET/
CT radiomics may provide a noninvasive method for predicting
tumor immune phenotypes, which can assist in clinical practice
to identify candidates for immunotherapy.

DATA AVAILABILITY STATEMENT

The original contributions presented in the study are included in
the article/Supplementary Material. Further inquiries can be
directed to the corresponding author.

ETHICS STATEMENT

The studies involving human participants were reviewed and
approved by the Institutional Review Board of Huazhong

Frontiers in Oncology | www.frontiersin.org

November 2021 | Volume 11 | Article 769272


https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

Zhou et al.

PET/CT-Based Radiomics and TMITs

University of Science and Technology, Tongji Medical College
affiliated Tongji Hospital (T]-IRB 20181202).

AUTHOR CONTRIBUTIONS

XZ,JYZ, and SZ contributed to the conception and design of the
study. JYZ and DK carried out the acquisition of data. JYZ, SZ,
JZ, JY, and XZ performed the data analysis. JYZ wrote the first
draft of the article. XZ, SZ, DK, JZ, and JY made the comments.
XZ and JZ critically reviewed and revised the article. All authors
contributed to the article and approved the submitted version.

REFERENCES

1. Siegel RL, Miller KD, Fuchs HE, Jemal A. Cancer Statistics, 2021. CA Cancer ]
Clin (2021) 71(1):7-33. doi: 10.3322/caac.21654
2. Torre LA, Siegel RL, Jemal A. Lung Cancer Statistics. Adv Exp Med Biol (2016)
893:1-19. doi: 10.1007/978-3-319-24223-1_1
3. Zhang M, Yang J, Hua W, Li Z, Xu Z, Qian Q, et al. Monitoring Checkpoint
Inhibitors: Predictive Biomarkers in Immunotherapy. Front Med (2019) 13
(1):32-44. doi: 10.1007/s11684-018-0678-0
4. Patel SP, Kurzrock R. PD-L1 Expression as a Predictive Biomarker in Cancer
Immunotherapy. Mol Cancer Ther (2015) 14(4):847-56. doi: 10.1158/1535-
7163.MCT-14-0983
5. Tumeh PC, Harview CL, Yearley JH, Shintaku IP, Taylor EJ, Robert L, et al.
PD-1 Blockade Induces Responses by Inhibiting Adaptive Immune
Resistance. Nature (2014) 515(7528):568-71. doi: 10.1038/nature13954
6. Teng MW, Ngiow SF, Ribas A, Smyth M]J. Classifying Cancers Based on T-
Cell Infiltration and PD-L1. Cancer Res (2015) 75(11):2139-45. doi: 10.1158/
0008-5472.CAN-15-0255
7. Ock CY, Keam B, Kim S, Lee JS, Kim M, Kim TM, et al. Pan-Cancer
Immunogenomic Perspective on the Tumor Microenvironment Based on
PD-L1 and CD8 T-Cell Infiltration. Clin Cancer Res (2016) 22(9):2261-70.
doi: 10.1158/1078-0432.CCR-15-2834
8. Takeuchi S, Khiewvan B, Fox PS, Swisher SG, Rohren EM, Bassett RL Jr,
et al. Impact of Initial PET/CT Staging in Terms of Clinical Stage, Management
Plan, and Prognosis in 592 Patients With Non-Small-Cell Lung Cancer.
Eur ] Nucl Med Mol Imaging (2014) 41(5):906-14. doi: 10.1007/s00259-013-
2672-8
9. Scharping NE, Delgoffe GM. Tumor Microenvironment Metabolism: A New
Checkpoint for Anti-Tumor Immunity. Vaccines (Basel) (2016) 4(4):1-15.
doi: 10.3390/vaccines4040046
10. Lopci E, Toschi L, Grizzi F, Rahal D, Olivari L, Castino GF, et al. Correlation
of Metabolic Information on FDG-PET With Tissue Expression of Immune
Markers in Patients With Non-Small Cell Lung Cancer (NSCLC) Who Are
Candidates for Upfront Surgery. Eur ] Nucl Med Mol Imaging (2016) 43
(11):1954-61. doi: 10.1007/500259-016-3425-2
11. Kaira K, Shimizu K, Kitahara S, Yajima T, Atsumi J, Kosaka T, et al. 2-Deoxy-
2-[Fluorine-18] Fluoro-D-Glucose Uptake on Positron Emission
Tomography Is Associated With Programmed Death Ligand-1 Expression
in Patients With Pulmonary Adenocarcinoma. Eur ] Cancer (2018) 101:181—
90. doi: 10.1016/j.ejca.2018.06.022
12. Lee JW, Lee SM. Radiomics in Oncological PET/CT: Clinical Applications.
Nucl Med Mol Imaging (2018) 52(3):170-89. doi: 10.1007/s13139-017-0500-y
13. Mayerhoefer ME, Materka A, Langs G, Héaggstrom I, Szczypinski P, Gibbs P,
et al. Introduction to Radiomics. ] Nucl Med (2020) 61(4):488-95.
doi: 10.2967/jnumed.118.222893
14. Inaguma S WZ, Lasota J, Sarlomo-Rikala M, McCue PA, lkeda H, Miettinen
M. Comprehensive Immunohistochemical Study of Programmed Cell Death
Ligand 1 (PD-L1): Analysis in 5536 Cases Revealed Consistent Expression in
Trophoblastic Tumors. Am J Surg Pathol (2016) 40(8):1133-42. doi: 10.1097/
PAS.0000000000000653
15. Zhou J, Zou S, Cheng S, Kuang D, Li D, Chen L, et al. Correlation Between
Dual-Time-Point FDG PET and Tumor Microenvironment Immune Types in

FUNDING

This study was funded by the National Natural Science
Foundation of China (91959119, 81873903, 81671718).

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at:
https://www.frontiersin.org/articles/10.3389/fonc.2021.769272/
full#supplementary-material

Non-Small Cell Lung Cancer. Front Oncol (2021) 11(807):559623.
doi: 10.3389/fonc.2021.559623

16. Kirienko M, Cozzi L, Rossi A, Voulaz E, Antunovic L, Fogliata A, et al. Ability
of FDG PET and CT Radiomics Features to Differentiate Between Primary
and Metastatic Lung Lesions. Eur ] Nucl Med Mol Imaging (2018) 45
(10):1649-60. doi: 10.1007/500259-018-3987-2

17. Mok TSK, Wu YL, Kudaba I, Kowalski DM, Cho BC, Turna HZ, et al.
Pembrolizumab Versus Chemotherapy for Previously Untreated, PD-L1-
Expressing, Locally Advanced or Metastatic Non-Small-Cell Lung Cancer
(KEYNOTE-042): A Randomised, Open-Label, Controlled, Phase 3 Trial.
Lancet (2019) 393(10183):1819-30. doi: 10.1016/50140-6736(18)32409-7

18. Reck M, Rodriguez-Abreu D, Robinson AG, Hui R, Cs6szi T, Fillép A, et al.
Pembrolizumab Versus Chemotherapy for PD-L1-Positive Non-Small-Cell
Lung Cancer. N Engl ] Med (2016) 375(19):1823-33. doi: 10.1056/
NEJMoal606774

19. Langer CJ, Gadgeel SM, Borghaei H, Papadimitrakopoulou VA, Patnaik A,
Powell SF, et al. Carboplatin and Pemetrexed With or Without Pembrolizumab
for Advanced, Non-Squamous Non-Small-Cell Lung Cancer: A Randomised,
Phase 2 Cohort of the Open-Label KEYNOTE-021 Study. Lancet Oncol (2016)
17(11):1497-508. doi: 10.1016/S1470-2045(16)30498-3

20. Grizzi F, Castello A, Lopci E. Is It Time to Change Our Vision of Tumor
Metabolism Prior to Immunotherapy? Eur ] Nucl Med Mol Imaging (2018) 45
(6):1072-5. doi: 10.1007/s00259-018-3988-1

21. Chang CH, Qiu J, O'Sullivan D, Buck MD, Noguchi T, Curtis JD, et al.
Metabolic Competition in the Tumor Microenvironment Is a Driver of Cancer
Progression. Cell (2015) 162(6):1229-41. doi: 10.1016/j.cell.2015.08.016

22. McLaughlin ], Han G, Schalper KA, Carvajal-Hausdorf D, Pelekanou V,
Rehman J, et al. Quantitative Assessment of the Heterogeneity of PD-L1
Expression in Non-Small-Cell Lung Cancer. JAMA Oncol (2016) 2(1):46-54.
doi: 10.1001/jamaoncol.2015.3638

23. Topalian SL, Hodi FS, Brahmer JR, Gettinger SN, Smith DC, McDermott DF,
et al. Safety, Activity, and Immune Correlates of Anti-PD-1 Antibody in
Cancer. N Engl ] Med (2012) 366(26):2443-54. doi: 10.1056/NEJMoa1200690

24. Brahmer JR, Tykodi SS, Chow LQ, Hwu WJ, Topalian SL, Hwu P, et al. Safety
and Activity of Anti-PD-L1 Antibody in Patients With Advanced Cancer.
N Engl ] Med (2012) 366(26):2455-65. doi: 10.1056/NEJMoal200694

25. Yoon ], Suh YJ, Han K, Cho H, Lee HJ, Hur J, et al. Utility of CT Radiomics for
Prediction of PD-L1 Expression in Advanced Lung Adenocarcinomas. Thorac
Cancer (2020) 11(4):993-1004. doi: 10.1111/1759-7714.13352

26. Jiang M, Sun D, Guo Y, Guo Y, Xiao J, Wang L, et al. Assessing PD-L1
Expression Level by Radiomic Features From PET/CT in Nonsmall Cell Lung
Cancer Patients: An Initial Result. Acad Radiol (2020) 27(2):171-9.
doi: 10.1016/j.acra.2019.04.016

27. Gao J, Huang X, Meng H, Zhang M, Zhang X, Lin X, et al. Performance of
Multiparametric Functional Imaging and Texture Analysis in Predicting
Synchronous Metastatic Disease in Pancreatic Ductal Adenocarcinoma
Patients by Hybrid PET/MR: Initial Experience. Front Oncol (2020) 10:198.
doi: 10.3389/fonc.2020.00198

28. Aide N, Talbot M, Fruchart C, Damaj G, Lasnon C, et al. Diagnostic and
Prognostic Value of Baseline FDG PET/CT Skeletal Textural Features in
Diffuse Large B Cell Lymphoma. Eur ] Nucl Med Mol Imaging (2018) 45
(5):699-711. doi: 10.1007/500259-017-3899-6

Frontiers in Oncology | www.frontiersin.org 11

November 2021 | Volume 11 | Article 769272


https://www.frontiersin.org/articles/10.3389/fonc.2021.769272/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2021.769272/full#supplementary-material
https://doi.org/10.3322/caac.21654
https://doi.org/10.1007/978-3-319-24223-1_1
https://doi.org/10.1007/s11684-018-0678-0
https://doi.org/10.1158/1535-7163.MCT-14-0983
https://doi.org/10.1158/1535-7163.MCT-14-0983
https://doi.org/10.1038/nature13954
https://doi.org/10.1158/0008-5472.CAN-15-0255
https://doi.org/10.1158/0008-5472.CAN-15-0255
https://doi.org/10.1158/1078-0432.CCR-15-2834
https://doi.org/10.1007/s00259-013-2672-8
https://doi.org/10.1007/s00259-013-2672-8
https://doi.org/10.3390/vaccines4040046
https://doi.org/10.1007/s00259-016-3425-2
https://doi.org/10.1016/j.ejca.2018.06.022
https://doi.org/10.1007/s13139-017-0500-y
https://doi.org/10.2967/jnumed.118.222893
https://doi.org/10.1097/PAS.0000000000000653
https://doi.org/10.1097/PAS.0000000000000653
https://doi.org/10.3389/fonc.2021.559623
https://doi.org/10.1007/s00259-018-3987-2
https://doi.org/10.1016/S0140-6736(18)32409-7
https://doi.org/10.1056/NEJMoa1606774
https://doi.org/10.1056/NEJMoa1606774
https://doi.org/10.1016/S1470-2045(16)30498-3
https://doi.org/10.1007/s00259-018-3988-1
https://doi.org/10.1016/j.cell.2015.08.016
https://doi.org/10.1001/jamaoncol.2015.3638
https://doi.org/10.1056/NEJMoa1200690
https://doi.org/10.1056/NEJMoa1200694
https://doi.org/10.1111/1759-7714.13352
https://doi.org/10.1016/j.acra.2019.04.016
https://doi.org/10.3389/fonc.2020.00198
https://doi.org/10.1007/s00259-017-3899-6
https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

Zhou et al.

PET/CT-Based Radiomics and TMITs

29.

30.

31.

32.

33.

34,

35.

36.

37.

38.

39.

Liang B, Yan H, Tian Y, Chen X, Yan L, Zhang T, et al. Dosiomics: Extracting
3D Spatial Features From Dose Distribution to Predict Incidence of Radiation
Pneumonitis. Front Oncol (2019) 9:269. doi: 10.3389/fonc.2019.00269

Chen DS, Mellman I. Elements of Cancer Immunity and the Cancer-Immune
Set Point. Nature (2017) 541(7637):321-30. doi: 10.1038/nature21349
Binnewies M, Roberts EW, Kersten K, Chan V, Fearon DF, Merad M, et al.
Understanding the Tumor Immune Microenvironment (TIME) for Effective
Therapy. Nat Med (2018) 24(5):541-50. doi: 10.1038/s41591-018-0014-x
Shen L-F, Zhou S-H, Yu Q. Predicting Response to Radiotherapy in Tumors
With PET/CT: When and How? Trans Cancer Res (2020) 9(4):2972-81.
doi: 10.21037/tcr.2020.03.16

Lambin P, Rios-Velazquez E, Leijenaar R, Carvalho S, van Stiphout RG,
Granton P, et al. Radiomics: Extracting More Information From Medical
Images Using Advanced Feature Analysis. Eur | Cancer (2012) 48(4):441-6.
doi: 10.1016/j.¢jca.2011.11.036

Sun R, Limkin EJ, Vakalopoulou M, Dercle L, Champiat S, Han SR, et al. A
Radiomics Approach to Assess Tumour-Infiltrating CD8 Cells and Response
to Anti-PD-1 or Anti-PD-L1 Immunotherapy: An Imaging Biomarker,
Retrospective Multicohort Study. Lancet Oncol (2018) 19(9):1180-91.
doi: 10.1016/S1470-2045(18)30413-3

Hlatky MA, Greenland P, Arnett DK, Ballantyne CM, Criqui MH, Elkind MS,
et al. Criteria for Evaluation of Novel Markers of Cardiovascular Risk: A
Scientific Statement From the American Heart Association. Circulation (2009)
119(17):2408-16. doi: 10.1161/CIRCULATIONAHA.109.192278

Vickers AJ, Van Calster B, Steyerberg EW. Net Benefit Approaches to the
Evaluation of Prediction Models, Molecular Markers, and Diagnostic Tests.
BM]J (2016) 352:i6. doi: 10.1136/bmj.i6

Vickers AJ, Elkin EB. Decision Curve Analysis: A Novel Method for
Evaluating Prediction Models. Med Decis Making (2006) 26(6):565-74.
doi: 10.1177/0272989X06295361

Hijazi Z, Oldgren J, Lindbéck J, Alexander JH, Connolly SJ, Eikelboom JW, et al.
The Novel Biomarker-Based ABC (Age, Biomarkers, Clinical History)-Bleeding
Risk Score for Patients With Atrial Fibrillation: A Derivation and Validation
Study. Lancet (2016) 387(10035):2302-11. doi: 10.1016/S0140-6736(16)00741-8
Ettinger DS, Wood DE, Aisner DL, Akerley W, Bauman JR, Bharat A, et al.
Ncen Guidelines Insights: Non-Small Cell Lung Cancer, Version 2.2021. ] Natl
Compr Canc Netw (2021) 19(3):254-66. doi: 10.6004/jnccn.2021.0013

40. Koh J, Go H, Keam B, Kim MY, Nam §]J, Kim TM, et al. Clinicopathologic
Analysis of Programmed Cell Death-1 and Programmed Cell Death-Ligand 1
and 2 Expressions in Pulmonary Adenocarcinoma: Comparison With
Histology and Driver Oncogenic Alteration Status. Mod Pathol (2015) 28
(9):1154-66. doi: 10.1038/modpathol.2015.63

Noh BJ KJ, Eom DW. Prognostic Significance of Categorizing Gastric
Carcinoma by PD-L1 Expression and Tumor Infiltrating Lymphocytes. Ann
Clin Lab Sci (2018) 48(6):695-706 http://www.annclinlabsci.org/content/48/
6/695.long.

Lin Z, Gu]J, Cui X, Huang L, Li S, Feng J, et al. Deciphering Microenvironment
of NSCLC Based on CD8+ TIL Density and PD-1/PD-L1 Expression. ] Cancer
(2019) 10(1):211-22. doi: 10.7150/jca.26444

Noh BJ, Kwak JY, Eom DW. Immune Classification for the PD-L1 Expression
and Tumour-Infiltrating Lymphocytes in Colorectal Adenocarcinoma. BMC
Cancer (2020) 20(1):58. doi: 10.1186/s12885-020-6553-9

Avanzo M, Wei L, Stancanello J, Valliéres M, Rao A, Morin O, et al. Machine
and Deep Learning Methods for Radiomics. Med Phys (2020) 47(5):€185-202.
doi: 10.1002/mp.13678

41.

42.

43.

44.

Conflict of Interest: The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations, or those of
the publisher, the editors and the reviewers. Any product that may be evaluated in
this article, or claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Copyright © 2021 Zhou, Zou, Kuang, Yan, Zhao and Zhu. This is an open-access
article distributed under the terms of the Creative Commons Attribution License
(CC BY). The use, distribution or reproduction in other forums is permitted, provided
the original author(s) and the copyright owner(s) are credited and that the original
publication in this journal is cited, in accordance with accepted academic practice.
No use, distribution or reproduction is permitted which does not comply with
these terms.

Frontiers in Oncology | www.frontiersin.org

November 2021 | Volume 11 | Article 769272


https://doi.org/10.3389/fonc.2019.00269
https://doi.org/10.1038/nature21349
https://doi.org/10.1038/s41591-018-0014-x
https://doi.org/10.21037/tcr.2020.03.16
https://doi.org/10.1016/j.ejca.2011.11.036
https://doi.org/10.1016/S1470-2045(18)30413-3
https://doi.org/10.1161/CIRCULATIONAHA.109.192278
https://doi.org/10.1136/bmj.i6
https://doi.org/10.1177/0272989X06295361
https://doi.org/10.1016/S0140-6736(16)00741-8
https://doi.org/10.6004/jnccn.2021.0013
https://doi.org/10.1038/modpathol.2015.63
http://www.annclinlabsci.org/content/48/6/695.long
http://www.annclinlabsci.org/content/48/6/695.long
https://doi.org/10.7150/jca.26444
https://doi.org/10.1186/s12885-020-6553-9
https://doi.org/10.1002/mp.13678
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

	A Novel Approach Using FDG-PET/CT-Based Radiomics to Assess Tumor Immune Phenotypes in Patients With Non-Small Cell Lung Cancer
	Introduction
	Materials and Methods
	Patients
	Immunohistochemistry Analysis
	18F-FDG PET/CT Acquisition Protocol and Image Analysis
	Radiomic Feature Extraction
	Radiomic Feature Selection and Model Establishment
	Statistical Analysis

	Results
	Patient Characteristics
	Feature Reliability
	Correlations Between Radiomic Features and Immune Variables
	Feature Extraction
	Construction of the Radiomics Signature and Complex Model
	Performance of the Radiomics Signature and Clinical Features
	Individualized Nomogram Construction and Validation

	Discussion
	Conclusion
	Data Availability Statement
	Ethics Statement
	Author Contributions
	Funding
	Supplementary Material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


