OncoTargets and Therapy

Dove

ORIGINAL RESEARCH

A Radiomic Approach to Access Tumor Immune
Status by CD8 TRMs on Surgically Resected
Non-Small-Cell Lung Cancer

Jie Min'

Fei Dong'
Pin Wu?
Xiaopei Xu'
Yimin Wu?
Yanbin Tan'
Fan Yang'
Ying Chai?

'Department of Radiology, The Second
Affiliated Hospital, Zhejiang University
School of Medicine, Hangzhou, 310009,
Zhejiang Province, People’s Republic of
China; 2Department of Thoracic Surgery,
The Second Affiliated Hospital, Zhejiang
University School of Medicine, Hangzhou,
310009, Zhejiang Province, People’s
Republic of China

Correspondence: Ying Chai

Department of Thoracic Surgery, The
Second Affiliated Hospital, Zhejiang
University School of Medicine, No. 88
Jiefang Road, Hangzhou, 310009, Zhejiang
Province, People’s Republic of China

Tel +86-57187783642

Fax +86 571-87068001

Email chaiy@zju.edu.cn

Purpose: Immunotherapy has made breakthroughs in the treatment of non-small-cell lung
cancer (NSCLC); however, only a subset of patients achieved long-term survival, so it is of
great importance to find a biomarker of lung cancer thus guide immunotherapy. Studies have
shown that the infiltration level of tissue resident memory CD8" T cells (CD8" TRMs) is
positively correlated with lung cancer prognosis and can be an ideal biomarker for assessing
the tumor local immune status. We screened the radiomic features associated with CD8"
TRMs as targets in NSCLC surgical specimens by radiomic approaches, and established
a radiomic predictive model to assess the local immune status, which may provide
a scientific reference for lung cancer treatment strategies.

Patients and Methods: We retrospectively analyzed the NSCLC surgical specimens
immune cell database and extracted CD8" TRMs cell data, preoperative CT scan data were
achieved. A total of 97 patients containing complete preoperative data were included,
radiomic features were extracted from the preoperative CT image data. All the patients
were divided into two groups, namely high-CD8" TRMs infiltrated group and low-CD8"
TRM s infiltrated group, based on the proportion of CD8" TRMs cells subset in the immune
cell population. The most valuable radiomic features and semantic features were extracted
and selected, and a neural network model was established to predict the level of CD8" TRMs
cell infiltration level to assess the tumor local immune status.

Results: The NSCLC tumor immune status predictive model was built to discriminate high-
from low-CD8" TRMs with an area under the curve (AUC) of 0.788 (95% CI) in the training
set and 0.753 (95% CI) in the validation set.

Conclusion: The radiomic models using CT image data showed a good predictive perfor-
mance for accessing NSCLC immune status thus has great potential for personalized
therapeutic decision making.

Keywords: non-small-cell lung cancer, NSCLC, radiomic, tumor immune status, tissue
resident memory CD8" T cells, CD8" TRMs

Introduction

In recent years, immune checkpoint inhibitors (ICIs), represented by anti-
programmed cell death protein (PD)-1 and anti-programmed cell death ligand 1
(PD-L1), have been used in the clinical treatment of cancer patients and have
significantly changed the treatment strategy, including non—small-cell lung cancer
(NSCLC)." Although some patients (around 20%) have achieved satisfactory
treatment results, however, 50% of lung cancer patients do not benefit from the

treatment and some even hyper-progressed,”™* there is therefore a need for
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development of methods to identify patients who are most
likely to respond to immunotherapy. PD-L1 expression
status was recommended as a predictive biomarker for
immunotherapy.” However, only a subset of PD-LI-
positive patients benefit from anti-PD-1/PD-L1 therapies
and some patients with PD-Ll-negative tumors can
respond favorably to anti-PD-L1 therapy for unclear
reasons.®” In addition, it has been shown that some PD-
Ll-negative patients are effective in ICIs and some
patients can benefit from immunotherapy regardless of
PD-L1 expression status.”® This is due to the fact that PD-
L1 expression status in the tumor microenvironment is
influenced by several factors, which makes PD-L1 expres-
sion status still not an ideal predictive biomarker for
immunotherapy response.®’ Since immunotherapy relies
on the activation of immune cells to generate an immune
response to recognize and clear tumor cells. Therefore,
accurate assessment the tumor immune status especially
the key immune-mediated responding cell in tumor
immune microenvironment is an important guidance to
predict the clinical immunotherapy response.'”

Tissue resident memory CD8" T cells (CD8" TRM:s)
are a subset of CD8" T cells with high expression of the
epithelial adhesion molecule CD103 and/or CD69 mole-
cules as the core feature, which are permanently colonized
in mucosal epithelial tissues.'""'> An increasing number of
studies suggested the key role for CD8" TRMs in tumor
immunosurveillance and immunotherapy.® Several clini-
cal studies have shown that the number of tumor-
infiltrating CD8" TRMs cells is positively correlated with

the prognosis of lung cancer patients,'*!

and the response
level of cytotoxic T cells in patients is positively correlated
with the expression level of CD103, a characteristic gene
of CD8" TRMs. '

Radiomics is a novel method for high-throughput
extraction of quantitative features from a specified region
of interest from images, it can transform digital medical
images into mineable high-dimensional data, then by
quantitatively analyzing a large amount of imaging data,
the relationship between the target content and the tissue
structure and pathophysiological changes in the region of
interest can be more fully recognized.'®'” Radiomics fea-
tures include many groups, such as shape-based, first-order
and texture features. For shape-based features, radiomics
can provides additional information such as degree of
sphericity and surface area more than size and volume
data in traditional methods. First-order features provide
intensity distribution information such as asymmetry

(skewness) and flattening (kurtosis), and texture features
provide a more in-depth analysis of the relationships
between voxels. Analyzing these features might provide
a more comprehensive method for exploring a lesion.'® In
this study, we used radiomics to establish an assessment
model based on the infiltration level of CD8" TRMs in
surgically resected specimens and preoperative CT images,
then extracted the radiomic features associated with the
infiltration level of CD8" TRMs in the tumor to assess the
local immune status of lung cancer.

Materials and Methods
Study Design and Study Population

Our study was approved by the Institutional research
Review Board for human studies (Ethical Committee) of
the second affiliated hospital of Zhejiang University
School of Medicine and in accordance with principles
listed in the Helsinki declaration.

We collected information from patients with a diagnosis
of primary NSCLC stage Ib to Illa, and underwent lung
tumor resections with curative intent at the Department of
Thoracic Surgery at the second affiliated hospital of
Zhejiang University School of Medicine. The patients ful-
filled the following inclusion criteria were recruited: a) stage
Ib to stage Illa disease; b) diagnosis of NSCLC with com-
plete pathologic report; c) available preoperative thin-
section CT images (Picture Archiving and Communication
System, PACS) within one month before surgery and the
lesions showed in CT images have sufficient image quality
for Radiomics procedure; d) adequacy of tissue samples for
immune cell analysis; e) available complete clinical records.
Main exclusion criteria were: a) history of drug abuse or
medications with potential impact on lung diseases; b) active
pneumonitis at the time of CT scan. Eventually, a total
number of 97 patients who matched the above criteria
were enrolled in the study, including 46 men and 51
women with mean age of 61.8 + 8.2 years.

Immune Cell Analysis

Immunocellular analysis includes following steps: 1) the lung
cancer tissue specimens were collected during thoracoscopic
lung cancer resection. After the specimen is isolated, tumor
tissue was cut from the aseptic operating table At the same
time, the specimen was cleaned with sterile saline, the necrotic
and suppurative tissue was removed from the specimen. The
pretreated specimen was put into a sterile centrifuge tube
containing tissue preservation solution (Miltenyi Biotec).
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The specimen was put into a 4°C transfer box and transfer to
the laboratory as soon as possible. 2) The specimen was
processed into a single-cell suspension in the clean station
after frozen section pathologic report provided. Isolation of
tumor-resident CD8'T cells from human lung tumors was
performed using a published protocol and further optimized
by our group.'® The specimen was cut to 1-2 mm in a 6-well
plate, then collagenase I (1 mg/mL, Thermo Fisher Scientific),
collagenase IV (1 mg/mL, Thermo Fisher Scientific), and
hyaluronidase (10 ng/mL, STEMCELL) were added, and
resuspended to 10 mL with 1640 medium. The specimen
was put into a special digestion tube and digested on the
Gentle MACS automatic gentle tissue processor (Miltenyi
Germany) for 1 hour. When the digestion is completed, the
digested suspension was filtered with a 45mm pore size filter
to remove the remaining components that have not been
degraded. The obtained single-cell suspension was washed
with sterile PBS by centrifugation, and the red blood cells
were lysed with red blood cell lysate, then washed twice to
obtain a stable and uniform single cell suspension. 3) The
TRM cell population was labeled with CD45 (Biolegend,
HI30), CD3 (Biolegend, UCHT1), CDS8 (Biolegend, RPA-
T8), CD103 (Biolegend, Ber-ACT8), and CD69 (Biolegend,
FN50). After 15 minutes of antibody incubation at room
temperature, the unbound antibody was washed away with
PBS, and finally resuspended with cell staining buffer. The
TRM cells were detected on BD FACSCanto II and sorted by
BD FACSAria II.

Radiomics Procedure

CT Examinations

CT scans were performed by four CT scanners including
two 16-slice (sensation 16; Siemens, Germany), one 64-
slice (Definition AS; Siemens, Germany) and a second
128-slice  (Definition Flash;
Siemens, Germany) scanner. All scans were acquired at

generation  dual-source

end-inspiration in craniocaudal direction, capturing the
entire lung volume from the apices to the pleural recesses
and reconstructed with a slice thickness ranging 1.5—
2.5 mm. For the purpose of this study, the Digital
Imaging and Communications in Medicine (DICOM) data-
sets were retrieved from PACS.

Feature Extraction

CT images of thin slice lung window were used for tumor
segmentation since lung window had a better performance
in identifying the lesion from the surrounding normal
tissue. The tumor outline in every slice was drawn as the

region of interest (ROI) by a radiologist with 9 years
experience in thoracic imaging reporting who had no
knowledge of the tumors other than their locations by
using a free open-source software package (ITK-SNAP,
version 3.6.0; http://itksnap.org) to provide the ROI for
computer-based image analysis.

Radiomics feature extraction procedures were pro-
ceed using pyradiomics (http://www.radiomics.io/pyra

diomics.html). A total of 107 quantitative parameters
including 14 shape features, 18 first-order features, 24
gray-level co-occurrence matrix (GLCM) features, 15
gray level dependence matrix (GLDM) features, 16
gray-level run-length matrix (GLRLM) features, 16
gray level size zone matrix (GLSZM) features, 5 neig-
bouring gray tone difference matrix (NGTDM) features
were extracted from the image data. Four semantic
features including tumor boundary type, tumor texture
type, tumor pathology type and lymph node metastasis
type were used in our image feature extraction. Tumor
boundary type was defined as the boundary of the tumor
is clear or vague from the surrounding normal lung
parenchyma. Tumor texture type was defined as the
proportion of parenchymal component of the tumor,
and those with more than 80% solid component were
defined as solid tumor, while those with less than this
proportion were defined as mixed density tumor.
Pathological type characteristics were classified accord-
ing to the routine postoperative pathological findings.
Since adenocarcinoma patients accounted for 80% of
the cases in this group, only two types of pathological
types were distinguished: adenocarcinoma and non-
adenocarcinoma. Lymph node involvement characteris-
tics were classified as lymph node involvement and non-
involvement according to the pathological findings of
postoperative lymph node sampling.

To evaluate intra-observer reproducibility, 30 cases
were chosen at random for ROI delineation and ROI-
based feature extraction by the same radiologist one
month later. To select the robust radiomic features, we
used intra-class correlation coefficient (ICC) to evaluate
the stability and reproducibility in radiomic feature
extraction. The intra observer ICC was calculated
based on the twice feature extractions by the radiologist.
In general, ICC >0.75 was deemed to have a good
reliability or reproducibility. To make our results more
reliable, we performed feature screening with a more
stringent ICC >0.80 criterion.
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Statistical Analysis and Radiomics Model Building
Based on the results of immune cell analysis, the proportion of
CD8" TRMs in immune cells was tested for normality, and
patients were divided into high- and low-CD8" TRMs groups
according to the median value of the proportion of CD8"
TRMs. The group’s differences in gender and age were com-
pared using two-sample t or x* test in SPSS 19.0 software
(IBM). Four semantic features including tumor boundary,
tumor texture type, tumor pathology type and lymph node
metastasis type were enrolled in the feature selection proce-
dures. Feature selection was performed in the following three
steps to reduce redundancy. Firstly, we validated the data
according to the ICC > 0.8. Secondly, the difference of every
remained radiomic feature in the previous step and 4 semantic
features between the high— and low-CD8" TRMs groups was
compared. The differences in features between the two groups
were compared using #-test and Wilcoxon Rank-Sum Test.
Thirdly, the remained radiomics features and semantic features
were selected to build a neural network radiomic model to
predict the high— or low-CD8" TRM s infiltration type.

Predictive Performance of Radiomic Model

The radiomic model performance was evaluated by recei-
ver operating characteristic (ROC) curves. To quantify the
discriminatory power of the radiomic model, the para-
meters including the area under the curve (AUC), sensi-
tivity, specificity, and accuracy were provided. Then, the
same parameters on the validation set were obtained from
the training set to test the prediction performance of this
model. The radiomic workflow is shown in Figure 1.

Result

A total of 97 patients were eligible for enrollment in the
lung cancer tissue immune cell database (114 specimens)
(Table 1), of which (46 men and 51 women; mean age,
61.8 + 8.2 years), the proportion of CD8" TRMs in all
enrolled patients was distributed (10.5-76.9%; 44.7 +
15.4%), and patients were divided into a low CD8"
TRMs infiltration group (<44.5%; 49 patients) and a high
CD8" TRMs infiltration group (>44.5%; 48 patients)
according to the median. (Figure 2) The low CDS8"
TRMs infiltration group consisted of 25 men and 24
women (62.7 + 8.5 years; range 44—73 years), while the
high CD8" TRMs infiltration group contained 21 men and
27 women (61.0 + 7.9 years; range 38—74 years); There is
no statistical differences were found in gender (P = 0.473),
age (P = 0.302). Pathological findings showed 80 adeno-
carcinomas (82.5%) and a total of 17 squamous-cell

carcinoma, adenosquamous carcinoma and other types
(17.5%), with no statistical difference in the level of
CDS8" TRMs infiltration between adenocarcinoma and
non-adenocarcinoma specimens (p = 0.1198).

A total of 107 radiomic features were extracted from
patients CT image data before tumor resection. The 107
quantitative parameters including 14 shape features, 18
first-order features, 24 gray-level co-occurrence matrix

(GLCM) features, 15 gray level dependence matrix
(GLDM) features, 16 gray-level run-length matrix
(GLRLM) features, 16 gray level size zone matrix

(GLSZM) features, 5 neigbouring gray tone difference
matrix (NGTDM) features were extracted from the
image data. In the feature selection step, the feature
with ICC >0.8 was deemed to have a good reliability
or reproducibility in intra-observer analyses. As a result,
a total of 46 features were robust and then applied for
subsequent feature selection. The difference of radiomic
features and 4 semantic features between the high— and
low-CD8" TRMs groups was compared using ¢-test and
Wilcoxon Rank-Sum Test. Two radiomic features and
two semantic features remained showed correlation with
CD8" TRMs Infiltrating phenotypes. The 2 radiomic
original glem MCC (p=0.0383) and
original gldm Large Dependence High Gray Level
Emphasis (p=0.0377) showed significant difference
between high- versus low-CD8" TRMs. The ability of
the 2 radiomic signature to classify high- versus low-
CD8" TRMs infiltration was shown to have an AUC of
0.622 and 0.621, respectively. (Figure 3) The 2 semantic
features Boundary type (p=0.01957) and Lymphatic

features were

metastasis (p=0.009452) showed significant difference
between high- versus low-CD8" TRMs. The selected
features were provided in Table 2. Finally, the remaining
four features were chosen to build a neural network
radiomic model (Figure 4).

All patients were randomly divided into training and vali-
dation sets according to the ratio of 8:2, with 79 patients in the
training set and 18 patients in the validation set. There was no
significant difference in age and gender between the two
groups of patients. In the training set, the radiomic model
had good discrimination capacity (AUC =0.788, 95% confi-
dence interval [CI]; sensitivity= 0.5385; specificity =0.7500;
and accuracy = 0.6456) for discriminating the high— from the
low-CD8" TRMs groups. In the validation set, this radiomic
model had a similar discrimination capacity (AUC = 0.753,
95% CI; sensitivity = 0.4444; specificity = 0.7778; and accu-
racy = 0.6111) (Figure 5).
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Figure | The workflow of radiomic.
Abbreviation: CD8" TRMs, tissue resident memory CD8" T cells.

Discussion

With increasing use of immunotherapy in cancer, knowledge
of an individual’s immune status could help to identify those
who holds good response to treatment.”>' Although ICI has

Table | Results of the Analysis of Basic Demographic and o )
revolutionized the management of specific cancer types, the

Abbreviation: CD8" TRMs, tissue resident memory CD8" T cells.

Clinical Data
majority of patients are intrinsically resistant and fail to
Characteristic Low - CD8" High: P value respond. Overall, only approximately 20% to 30% of patients
TRMs CD8" TRMs
showed treatment response, although this varies depending on

Gender 0473 the tumor type.>* Furthermore, administration of immunother-
:i:;e ii z; apy can result in severe side effects, especially immune

mediated reactions against healthy organs.> In addition, immu-

Age (mean * SD) 627 £85 61.0£7.9 0.032 notherapy is particularly expensive, therefore, for the most

Pathology type 0.01198 cost-effective use of ICI, it is important to have validated
Adenocarcinoma 37 43 biomarkers that upfront predict whether a patient is likely to
Others 12 3 respond to these therapies.

Boundary type 0.01957 Since immunotherapy relies on the activation of
Clear 31 18 immune cells to generate an immune response to recognize
Vague 18 30 and clear tumor cells, the key immune-mediated respond-

Texture type 0.09549 ing cell in tumor immune microenvironment is an impor-
Solid 38 36 tant guidance to predict the clinical immunotherapy
Mixed 1 12 response.'® In 1999, Federica Sallusto et al established

Lymphatic metastasis 0.009452 the doctrine of immunosurveillance centered on circulating
Positive 21 8 CD8" T cells by studying the phenotype and function of
Negative 28 40 CDS8" T cells in tissues, such as blood and lymph nodes.**

However, this doctrine does not explain well the rationale
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Figure 2 Representative flow cytometric analysis of low-CD8" TRMs (left), high-CD8" TRMs (right) in NSCLC.
Abbreviations: CD8" TRMs, tissue resident memory CD8" T cells; NSCLC, non-small-cell lung cancer.

for local immunosurveillance within epithelial tissues that
occupy the largest body surface area of the body, such as
skin and mucosal epithelium.”> CD8" TRMs are a part of
CD8" T cells with high expression of the epithelial adhe-
sion molecule CD103 and/or CD69 molecules as the core
feature. An increasing number of studies suggested the key
role for CD8" TRMs in tumor immunosurveillance and
immunotherapy."* Study on lung cancer molecular features
associated with the robustness of anti-tumor immune
responses showed that a greater density of TRM cells in
tumors was predictive of a better survival outcome in lung
cancer, and this effect was independent of that conferred
by cytotoxic T lymphocytes density.'* Another study
directly confirmed the association of CD8" TRMs with
the major cell subpopulation secreting antitumor-
associated cytokines in human early-stage lung cancer
infiltrating CD8" TRMs.>* However, detection of CD8"
TRMs in tumor tissues can currently only rely on lung
puncture biopsy, which is often difficult to accurately
reflect the number of CD8" TRMs in tissues due to the
limited amount of tissue collected and tumor heterogeneity
compared to surgical specimens, which can more accu-
rately reflect the number of CD8" TRMs in lung cancer
tissues. Considering there are a large number of inoperable
patients with lung cancer, thus it is important to establish
a non-invasive method to accurately assess the number of

CD8" TRMs in lung cancer tissues.

In this study, we developed and validated an effectively
preoperative neural network radiomic model using CT
image data to differentiate the high— from the low—
CDS8" TRMs infiltration phenotype and further to predict
NSCLC tumor local immune status. It may be a potential
imaging method for assessing lung cancer prognosis and
guiding clinical treatment decision making in
a noninvasive way.

Previous study use radiomics approach to assess
tumor-infiltrating CDS8 cells and response to anti-PD-1
or anti-PD-L1 immunotherapy showed that imaging
biomarker could be useful in estimating CDS8 cell
count and predicting clinical outcomes of patients trea-
ted with immunotherapy, when validated by further
prospective randomised trials.”> However, the study
included different tumor types at various sites, and
the number of lung cancer cases only accounted for
20% of the total, and no specific study was conducted
for lung cancer, so the application value in lung cancer
is still not sufficient.

Other studies used radiomic approach to evaluate the
tumor immune microenvironment (TIME) of lung cancer
surgical specimens with high and low CDS8-to-CD3high
/PD-1- to-CD8low), and concluded that higher order CT
extracted features associated with specific TIME profiles
may reveal a radio-immune signature with prognostic

impact on resected NSCLC.?*® Meanwhile, a studies
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Figure 3 ROC curves of the selected radiomics features (A and B), the threshold of the two radiomics features were 0.484, AUC 0.622 (95% Cl 0.490-0.750) and
16,926.812, AUC 0.621 (95% Cl 0.571-0.688). The boxplot showed the two radiomic features in the high— from the low-CD8" TRMs groups (C and D).
Abbreviations: AUC, area under the curve; ROC, receiver operating characteristic curve; CD8" TRMs, tissue resident memory CD8" T cells.

suggesting that total CD8" T cells do not correlate with
survival in NSCLC patients unless CDS8" T cells are pre-
sent in the tumor tissue.'”

Several clinical studies have shown that tumor-
infiltrating CD8" TRMs are positively associated with
lung cancer patient prognosis,'®'® and the evidence

suggests that CD8" TRMs are the key cell

subpopulation within the lung cancer microenviron-
ment that is specifically activated and exerts a long-
term anti-tumor Therefore, by
directly detecting the infiltration level of CD8" TRMs

within the tumor tissue can more accurately reflect the

immune response.

local immune status of the tumor and maybe a good
biomarker for predict the immunotherapy response.
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Table 2 Selected Features with Descriptions of the High— and
Low-CD8"TRMs Infiltrating Phenotypes

Feature Name Description P value

Original_glecm_MCC A measure of complexity of | 0.0383
the texture

Orriginal_gldm_Large Measures the joint 0.0377

Dependence High Gray distribution of large

Level Emphasis dependence with higher
gray-level values

Boundary type The boundary of the tumor | 0.01957
is clear or vague

Lymphatic metastasis Lymph node involvement or | 0.009452
non-involvement

Abbreviations: glem_MCC, A Gray Level Co-occurrence Matrix (glem)_Maximal
Correlation Coefficient (MCC); gldm, a gray level dependence matrix.

In our study, we used lung cancer surgical specimens to
detect the proportion of CD8" TRMs among immune cells
in lung cancer surgical specimens to reflect the local
immune status of the tumor, and then applied radiomic

approaches to extract the imaging features associated with

margin

GLDM

the proportion of CD8" TRMs, and the results showed that
radiomic features could screen the infiltration proportion
of CD8" TRMs in lung cancer tissues. The AUC values
were 0.788 and 0.753 in the training set and validation set,
respectively. These were achieved by using the selected
radiomic features and semantic features to build a neural
network model to predict the infiltration level of CD8"
TRMs within lung cancer tissues, indicating that radiomic
can be used to predict the infiltration level of CD8" TRMs
within lung cancer tissues and reflect the local immune
status of the tumor, which provides a new pathway for us
to non-invasively assess the immune status of lung cancer
tissues, and the model can be used to predict the local
immune status and immunotherapy prognosis of patients
before treatment, providing a scientific reference basis for
clinical treatment decisions.

In addition, our results showed that the degree of
lymph node involvement in NSCLC was correlated
with the proportion of CD8" TRMs, with 8 cases of
lymph node involvement and 40 cases of no lymph
node involvement in the high-CD8" TRMs infiltration

Figure 4 The neural network model building with the selected radiomics features and the semantic features. The neural network model included 3 layers, as the capital

“@

letter
variable weight.

refer to “Input layer” and included 4 features. Bias layer included 2 variables. Hide layer included 3 variables. Output layer included | variable. The line refers to the
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Figure 5 ROC curves of the radiomic model in the training set (black curve) and the validation set (red curve).

group, while 21 cases of lymph node involvement and
28 cases of no lymph node involvement in the low-
CD8" TRMs infiltration group, with a significant dif-
ference between the two groups (P = 0.009452), which
indirectly reflected that the presence of CD8" TRMs
could inhibit the lymph node metastasis of tumor cells
and influence the clinical stage of patients, and could
also explain the association of CD8" TRMs with the
prognosis of lung cancer patients. In our study, the
lymph node metastasis factor was based on the surgery
result, however, this factor can also be assessed by
imaging techniques such as CT or PET-CT, and pre-
vious study showed that PET-CT is useful in predicting
not only lymph node metastasis but also other malig-
nant features of early-stage lung adenocarcinoma.?’
Therefore, the lymph node metastasis factor in our
radiomics model can be replaced by imaging result in
practice. Meanwhile, whether the boundary of the
lesion is vague or clear is often used as an indirect

evidence to judge the benignity and malignancy of the

lesion in clinical imaging diagnosis. Our results
showed that the boundary characteristics of the lesion
were also related to the infiltration level of CDS8"
TRMs, according to which we can speculate that
CD8" TRMs may have a role in limiting the infiltration
and invasion of the tumor into the surrounding tissues.

Our study also has some limitations. Firstly, our
study is a retrospective and single-center study, and the
number of cases is limited. With only limited number of
cases trained and validated, more data from multiple
centers are needed to validate the results. Secondly,
although we have established a predictive model for
local immune status of lung cancer, there is not enough
data to validate the predictive ability of immunotherapy
patients in clinical practice, which makes the clinical
application limited. We will continue to collect clinical
data from immunotherapy patients to further validate the

model.
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Conclusion

In conclusion, our preliminary study showed that the
radiomic model had a good performance for preopera-
tively predicting both local immune status of NSCLC

tissue and lymph node metastasis in a noninvasive way.
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