
O R I G I N A L  R E S E A R C H

Pretreatment CT-Based Radiomics Signature as 
a Potential Imaging Biomarker for Predicting the 
Expression of PD-L1 and CD8+TILs in ESCC

This article was published in the following Dove Press journal: 
OncoTargets and Therapy

Qiang Wen1 

Zhe Yang1 

Jian Zhu2 

Qingtao Qiu2 

Honghai Dai1 

Alei Feng1 

Ligang Xing3

1Department of Oncology, Shandong 
Provincial Hospital Affiliated to Shandong 
University, Shandong University, Jinan 
250021, People’s Republic of China; 
2Department of Radiation Physics, 
Shandong Cancer Hospital and Institute, 
Shandong First Medical University, Jinan 
250117, People’s Republic of China; 
3Department of Radiation Oncology, 
Shandong Cancer Hospital and Institute, 
Shandong First Medical University, Jinan 
250117, People’s Republic of China 

Background: The present study constructed and validated models to predict PD-L1 and 
CD8+TILs expression levels in esophageal squamous cell carcinoma (ESCC) patients using 
radiomics features and clinical factors.
Patients and Methods: This retrospective study randomly assigned 220 ESCC patients to 
a discovery dataset (n= 160) and validation dataset (n= 60). A total of 462 radiomics features 
were extracted from the segmentation of regions of interest (ROIs) based on pretreatment CT 
images of each patient. The LASSO algorithm was applied to reduce the dimensionality of 
the data and select features. A multivariable logistic regression analysis was adopted to build 
radiomics signatures. Receiver operating characteristic (ROC) curve analysis was performed 
to evaluate the predictive accuracy of these models.
Results: There was no significant difference between the training and validation datasets for 
any clinical factors in patients with ESCC. The PD-L1 expression level correlated with the 
differentiation degree (p= 0.011) and tumor stage (p= 0.032). Smoking status (p= 0.043) and 
differentiation degree (p= 0.025) were associated with CD8+TILs expression levels. The 
radiomics signatures achieved good performance in predicting PD-L1 and CD8+TILs with 
AUCs= 0.784 and 0.764, respectively. The combined model showed a favorable predictive 
ability compared to radiomics signatures or clinical factors alone and improved the AUCs 
from 0.669 to 0.871 for PD-L1 and from 0.672 to 0.832 for CD8+TILs. These results were 
verified in the validation dataset with the AUCs of 0.817 and 0.795, respectively.
Conclusion: CT-based radiomics features have a potential value for classifying patients 
according to PD-L1 and CD8+TILs expression levels. The combination of clinical factors 
and radiomics signatures significantly improved the predictive performance in ESCC.
Keywords: radiomics features, PD-L1, CD8+TILs, esophageal squamous cell carcinoma, 
computed tomography

Introduction
Esophageal squamous cell carcinoma (ESCC) is a substantial cause of cancer- 
related death worldwide, with high rates of recurrence and metastasis.1 Despite 
developments in screening, diagnosis and therapeutic modalities, ESCC patients are 
generally associated with a poor prognosis, with a 5-year survival rate less than 
20%.2 Therefore, the unsatisfactory survival time necessitates a novel treatment 
strategy and related predictive biomarkers for ESCC patients. The roles of immune 
checkpoints and tumor-infiltrating lymphocytes (TILs) were investigated in several 
recent clinical trials and showed inspiring results.3,4
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Immunotherapy is changing the therapeutic strategy 
for ESCC patients via checkpoint inhibitors.5 

Antibodies binding to programmed death 1 (PD-1) 
and programmed death-ligand 1 (PD-L1) reversed the 
immune escape microenvironment and improved the 
endogenous antitumor immune response.6 Blockade of 
the PD-1/PD-L1 pathway is an approved treatment for 
ESCC patients who are not sensitive to platinum-based 
chemotherapy.7 There was evidence that monoclonal 
antibodies hindered the combination of PD-1/PD-L1 
and extended patients’ progression-free survival (PFS) 
or overall survival (OS) with lower side effects8 in 
various types of malignancies, including lung cancer, 
colorectal cancer and ESCC.9–11 A large number of 
previous studies and the NCCN guidelines recom
mended the PD-L1 expression level as a standard cri
terion for immune checkpoint inhibitor (ICI) 
intervention in ESCC.12 However, a certain number of 
PD-L1-negative or low-positive patients also had 
a good response to antibodies due to tumor 
heterogeneity.13 The development of novel surrogate 
indicators and validation of the related clinical man
agement decisions is a priority for novel treatment. PD- 
L1 expression level alone was treated as a predictive 
biomarker of response, and a risk factor to identify 
patients who were more likely to benefit from antitu
mor immunotherapy. The tumor immune microenviron
ment (TIM) has the ability to identify potential 
candidates for immune-induced anticancer therapy in 
solid tumors.14 Particularly, cluster of differentiation 
(CD8) + tumor-infiltrating lymphocytes (TILs), as 
a marker of main anticancer T-cell effectors, may 
directly reflect tumor biology and affect immunother
apy efficiency in ESCC.15,16 However, the predictive 
power of the combination of CD8 with other biomar
kers is not clear. Notably, the gold standard for evalu
ating these factors is primarily immunohistochemical 
staining (IHC) of biopsy specimens or surgical resec
tion, which is limited in patients with poor condition 
due to its invasiveness, time consumption, tumor het
erogeneity and unrepeatability. Furthermore, it is also 
difficult to obtain tissue samples from inaccessible 
locations in some cases. Therefore, examining 
a novel, accurate and noninvasive method for assessing 
PD-L1 and CD8+TILs is appealing in clinical practice.

Computed tomography (CT) is widely used for 
tumor detection, staging and therapeutic response mon
itoring in clinical practice. Radiomics proposes 

a method to extract quantitative and high-throughput 
data from medical images,17 which reflect the under
lying pathophysiology and reveal information on tumor 
phenotypes. Previous studies demonstrated that CT fea
tures distinguished epidermal growth factor receptor 
(EGFR),18 anaplastic lymphoma kinase (ALK) and 
breast cancer susceptibility gene (BRCA) mutations 
from the wild type.19,20 Jiang et al reported that PET/ 
CT radiomics features were able to assess PD-L1 
expression levels in NSCLC,21 and Yoon et al con
firmed these results in patients with lung 
adenocarcinoma.22 Liao et al developed and validated 
a radiomics-based biomarker (Rad score) to predict the 
infiltration of tumor-infiltrating CD8+TILs in hepato
cellular carcinoma (HCC).23 However, no investigation 
has confirmed the relationship between CT quantitative 
features and PD-L1 or CD8+TILs expression status in 
esophageal cancer. Theoretically, the tumor phenotype 
provided by CT radiomics may correlate with PD-L1, 
CD8+TILs and should be quantitatively analyzed. We 
hypothesized that pretreatment CT radiomics analysis 
would effectively reveal PD-L1 and CD8+TILs expres
sion levels in ESCC. The present retrospective study 
evaluated the predictive performance of pretreatment 
CT-based radiomics features and clinical factors for 
PD-L1 and CD8+TILs expression levels, then further 
established and validated combined predictive models 
in ESCC.

Patients and Methods
Patient Eligibility
From February 2010 to May 2017, 220 ESCC patients 
who underwent surgical resection or biopsy without 
preoperative chemotherapy or radiotherapy were 
included in this study. Only tissue from primary tumors 
was investigated. The following inclusion criteria were 
used: 1) confirmed ESCC by histology; 2) patients 
underwent pretreatment contrast-enhanced chest, abdo
men and neck CT and brain magnetic resonance (MR) 
scanning for staging and standard radiological evalua
tion; 3) no previous anticancer therapy; and 4) an 
Eastern Cooperative Oncology Group performance sta
tus (ECOG PS) of 0 to 2. Staging was defined accord
ing to the American Joint Committee on Cancer 
Staging Manual (AJCC) (7th edition).24 Clinical and 
pathological characteristics are detailed in Table 1. 
Data are presented as averages and standard deviations 
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or medians and ranges. Computer-generated random 
numbers were applied to assign 160 patients to the 
discovery dataset and 60 patients to the validation 
dataset in this study.

This study was approved by the Research Ethics 
Committee of Shandong Provincial Hospital Affiliated to 
Shandong University. All protocols were in accordance 
with the guidelines and the ethical principles stated in 
the 1964 Helsinki declaration. Informed consent was 
obtained from all participants.

Immunohistochemistry
Postoperative specimens of all tumors were performed 
IHC through standard procedure. Four-μm unstained 
sections were de-waxed in xylene and rehydrated with 
graded alcohol solution, then subjected to antigen 
retrieval by microwaving under high pressure for 2 
minutes. Sections were stained with the following pri
mary antibodies: anti-PD-L1 (VENTANA, clone(c): sp- 
263) and anti-CD8 (Beijing Zhongshan Golden Bridge 
Biotechnology Company, clone SP16) in a humidified 

chamber at 37°C for 60 minutes and then incubated 
with the secondary anti-rabbit and anti-mouse antibo
dies (Beijing Zhongshan Golden Bridge Biotechnology 
Company) at 37°C for 15min. Subsequently, 3ʹ3ʹdia
mino-benzidine (DAB) was performed to visualize PD- 
L1 and CD8 staining and slides were counterstained 
with hematoxylin.

Evaluation of PD-L1 and CD8+TILs 
Expression
Two independent pathologists who were blinded to 
clinical and pathological information evaluated the 
immunohistochemical slides, and any disagreement 
between the two pathologists was resolved via consen
sus. Similar to previous studies,25 PD-L1 expression 
was considered positive when membranous or cytoplas
mic staining was detected in tumor cells and stromal 
cells. PD-L1 expression was considered positive if 
membranous or cytoplasmic staining were detected in 
tumor cells and stromal cells. PD-L1 staining was 
estimated by staining-intensity-distribution score, stain
ing intensity was scored as 0(none staining), 1(weak 
staining, <10% of neoplastic cells staining), 2(moderate 
staining, 10–50% of neoplastic cells staining) and 3 
(strong staining, 10–50% of neoplastic cells staining), 
respectively. The H-score was calculated by the for
mula: (Intensity+1) X Percentage. In accordance with 
Fukouka et al26 and Tumeh et al,27 the expression of 
CD8+TILs was scored according to the percentage of 
positive lymphocytes in the stromal compartment in 5 
randomly and averagely selected high-power fields 
(HPFs). Because the cut-off values of PD-L1 and 
CD8+TILs remain controversial and non-uniform, 
patients were sub-divided by thresholds, which were 
defined as median counts.

Computed Tomography Imaging and ROI 
Segmentation
All patients underwent pretreatment contrast-enhanced 
diagnostic chest, abdomen and neck CT. CT images were 
obtained with a 256 detector row CT scanner (Phillips, the 
Netherlands). The images parameters performed as fol
lows: tube rotation time 0.5s, a voltage of 110–120Kvp, 
tube current of 150–200mA and reconstruction slice thick
ness was 2.5mm with standard soft-tissue algorithm 
reconstruction.

Table 1 Patient Characteristics of Enrolled Patients

Variables N(%)

Age 64
Range 49–78

Gender
Male 140 (63.6%)

Female 80 (36.4%)

Smoking
Yes 163 (74.1%)
No 57 (25.9%)

ECOG PS
0–1 193 (87.7%)

2 27 (12.3%)

Staging
T1 100 (45.5%)

T2 61 (27.7%)
T3 59 (26.8%)

N
0 124 (56.4%)

1 96 (43.6%)

Differentiation
Well 64 (29.1%)

Moderate 98 (44.5%)
Poor 58 (26.4%)
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Primary tumor was volumetrically segmented through 
a semiautomatic algorithm before manual adjustment, 
which was operated in the lung window at −300–1300 
HU and threshold was 0–500HU. GrowCut is a sensitive 
and fast tumor segmentation method that uses 
a competitive region growing algorithm that contains the 
following steps: Initially, we identified the tumor and non- 
tumor regions with disparate label values, and the algo
rithm automatically developed regions of interest (ROIs). 
After that, all of the voxels in the ROIs were labeled 
iteratively by the algorithm until no voxel could change 
its label any more. Independent radiologists with rich 
experience in CT images of esophageal cancer manually 
modified the contour of ROIs if necessary. Two observers 
with 10 years and 15 years of experience who were 
blinded to clinical data reviewed image segmentations, 
and any difference ≥5% was reached via consensus.

Radiomics Features Extraction and 
Selection
All features extraction were performed using the open- 
source Imaging Biomarker Explorer software (IBEX, 
MD Anderson, Houston, TX, USA). In this work, 462 
radiomics features from pretreatment CT images were 
resampled down to 0.25mm resolution in three direc
tions, which were divided into 6 subtypes, involving 
size and shape features, histogram intensity features, 
wavelet feature and texture features (gray-level co- 
occurrence matrix (GLCM), gray-level run length matrix 
(GLRLM) and gray-level size zone matrix (GLSZM)). 
Size and shape features describe the morphological 
structure of the lesion. Histogram intensity features 
characterize the distribution of voxel intensities in the 
tumor. Wavelet features provide a tractable method of 
decomposing features into different frequency sub- 
bands. Texture features (GLCM, GLRLM and 
GLSZM) convey information on the spatial arrangement 
of the tumor.

CT features were subjected to z-score normalization and 
transferred to a mean of 0 and a standard deviation of 1 before 
subsequent analyses. To determine the reproducibility of radio
mics features, the interobserver reproducibility of features was 
calculated by computing the interclass correlation coefficients 
(ICCs) based on 30 random patients. Features with ICC ≥ 0.9 
were considered stable. A machine learning method was used 
for feature selection and dimension reduction. The least abso
lute shrinkage and selection operator (LASSO) was applied for 

selecting the optimal predictive features for PD-L1 and CD8 
+TILs in the training dataset. The tuning parameter λ was 
selected in the LASSO through 10-fold cross validation 
based on minimum criteria.

Model Development and Statistical 
Analysis
After feature selection, a logistic regression model was 
developed to validate the efficacy of the selected radio
mics features on the basis of radiomics signatures (Rad 
score), which was calculated via the linear combination 
of selected features weighted by their respective LASSO 
coefficients in the training group. Models based on 
clinical factors or combined clinical factors and radio
mics features were constructed using logistic regression 
for immune factors expression prediction. The area 
under the curve (AUC) of the receiver operator charac
teristics (ROC) was calculated to estimate the predictive 
performance of the models.

Statistical analysis was performed using R software 
version 3.4.2 (Auckland, New Zealand) and SPSS ver
sion 22.0 for Windows (Chicago, USA). The “glment” 
package was used for executing the LASSO algorithm. 
The predictive values of radiomics features were per
formed by the “pROC” package in R software. The Chi- 
squared test or Fisher’s test was employed to analyze 
the categorical variables. The Mann–Whitney U-test was 
used to determine the continuous variable between these 
groups. All statistical analyses were two sided, and 
p-value < 0.05 was considered to be significant 
difference.

Results
Patient Characteristics
A total of 220 patients with ESCC who underwent 
pretreatment contrast-enhanced chest and abdomen CT 
were included in this retrospective study. The median 
age of the discovery dataset was 64 years (range, 
49–76). One hundred and forty of the 220 ESCC 
patients in our study were male, and 80 patients were 
female. The ECOG PS score was 0–1 for 193 patients 
and 2 for 27 patients in both groups. According to the 
TNM staging system, 100 ESCC patients were T1, and 
the numbers of T2 and T3 were similar at 64 and 58, 
respectively. Moreover, 98 of patients were moderately 
differentiated, and only a small proportion of the 
patients were well and poorly differentiated. Table 2 
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shows that all demographic factors were similar between 
the discovery dataset and validation dataset, and there 
was no statistically significant difference between the 
two datasets (p> 0.05).

Immunohistochemistry Staining
PD-L1 and CD8+TILs expression in patients with ESCC 
was analyzed. Representative microscopic images are 
shown in Figure 1. PD-L1 was clearly stained in the cell 
membrane and cytoplasm of tumor cells and stromal cells. 
To discriminate groups, the median counts were regarded 

as cut-off points. PD-L1 staining was detected using 
H-scores ranging from 10 to 170, and the median count 
was 40. CD8+TILs staining varied between cases. After 
excluding fibrotic, necrotic and hemorrhagic areas, the cut- 
off point for CD8+TILs was 47%/HPF.

Associations Between Clinical Factors 
and PD-L1/CD8+TILs Expression
The results of the correlation between pretreatment clinical 
factors and PD-L1 expression level are summarized in 
Table 3. Tumor stage and differentiated grade showed 
apparent differences between the positive and negative 
PD-L1 groups in the training group (p= 0.032 and 0.011, 
respectively) and validation group (p= 0.013 and 0.014, 
respectively). The clinical models achieved moderate per
formance for PD-L1 prediction with an AUC= 0.669 for 
the training set and AUC= 0.692 for the validation set 
(Table 4). CD8+TILs high densities were significantly 
related to differentiation grade in both datasets (p = 
0.025, training; p= 0.037, validation). Smoking status 
was significantly different between the two groups with 
p= 0.043 and 0.005, respectively. Table 5 illustrates that 
smoking status and differentiated grade were selected for 
the clinical-based model construction. The values of the 
clinical characteristics were estimated by developing and 
evaluating the clinical model for CD8+TILs prediction, 
which yielded AUCs of 0.672 in the training group and 
0.660 in the validation groups (Table 6).

Construction of Radiomics Signatures
The radiomics analysis contained 462 features, all of which 
were extracted from segmented pretreatment CT images on the 
basis of 160 patients with ESCC. After the reproducibility test 
using an interclass correlation coefficient cut-off value of 0.9, 
329 features were preserved for further analysis. To construct 
the radiomics signatures for PD-L1 and CD8+TILs 

Table 2 Clinical Factors of Patients in Training and Validation Set

Factors Training Validation p

Age 64 (49–78) 65 (50–77)

Gender 0.710

Male 103 37
Female 57 23

Smoking 0.396

Yes 121 42

No 39 18

ECOG PS 0.450

0–1 142 51
2 18 9

Stage 0.510
T1 70 30

T2 47 14

T3 43 16

N 0.202

N0 86 38
N1 74 22

Differentiation 0.622
Well 44 20

Moderate 75 23

Poor 41 17

Figure 1 Immunohistochemical staining for immunological biomarkers in ESCC (X400). (A) Negative expression. (B) PD-L1 positive. (C) CD8+TILs positive.
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assessment, 8 potential predictive features for PD-L1 and 8 
features for CD8+TILs with nonzero coefficients were selected 
in the LASSO logistic regression model. The features were 
weighted according to their corresponding coefficients. The 
equation for calculating the R-score for PD-L1 prediction:

R � score ¼ 0:239 � RunVariance
þ0:460 � ClusterTendency
� 0:311 � Kurtosis
þ0:211 � SmallAreaEmphasis
� 0:147 � LongRunEmphasis
þ0:412 � HLH � RobustMeanAbsoluteDeviation
þ0:09 � LHH � GrayLevelNonUniforimity
� 0:682 � HHL � InterguartileRange 

The linear combination of the selected features and their 
respective coefficients for CD8+TILs prediction:

R � score ¼ 0:157 � SumVariance
þ 0:359 �MeanAbsoluteDeviation
� 0:205 �MeanIntensity
þ 0:221 � ClusterShade
þ 0:471 � HLH � ShortRunEmphasis
� 0:335 � LHL � InterquartileRange
þ 0:638 � HLL � DifferenceEntropy
þ 0:011 � HHH � ClusterProminence 

Table 3 The Correlation Between PD-L1 Expression Level and Clinicopathological Factors

Factors Training Validation

Positive Negative p Factors Positive Negative p

Age 64 (49–78) 64 (50–77) 0.562 Age 64 (49–78) 65 (50–77) 0.611

Gender 0.572 Gender 0.394

Male 44 59 Male 17 20

Female 27 30 Female 8 15

Smoking 0.220 Smoking 0.153

Yes 57 64 Yes 15 27
No 14 25 No 10 8

ECOG PS 0.129 ECOG PS 0.873
0–1 60 82 0–1 22 29

2 11 7 2 3 6

Stage 0.032 Stage 0.013

T1 23 47 T1 11 19

T2 24 23 T2 6 8
T3 24 19 T3 13 3

N 0.221 N 0.592

N0 42 44 N0 18 20

N1 29 45 N1 12 10

Differentiation 0.011 Differentiation 0.014

Well 23 21 Well 13 7
Moderate 24 51 Moderate 6 17

Poor 24 17 Poor 11 6

Table 4 The Performance of Radiomics Model, Clinical Model 
and the Combine Model for Predicting PD-L1 Expression Level in 
the Training and Validation Set

PD-L1 Training

AUC 95% CI Sensitivity Specificity

Radiomics 0.784 0.687–0.882 0.836 0.686
Clinical 0.669 0.555–0.782 0.564 0.829

Combination 0.871 0.797–0.944 0.691 0.857

Validation

AUC 95% CI Sensitivity Specificity

Radiomics 0.750 0.568–0.932 0.909 0.572

Clinical 0.692 0.500–0.884 0.643 0.687
Combination 0.817 0.654–0.980 0.929 0.750
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PD-L1 expression prediction using the above radiomics 
signature showed a favorable assessment efficacy with an 
AUC of 0.784 (p <0.001), sensitivity of 0.836 and speci
ficity of 0.686 (Table 4). The radiomics classifier exhibited 
good performance for the classification of CD8+TILs with 
AUC= 0.764, sensitivity= 0.714 and specificity= 0.804 
(Table 6)

Development and Validation of the 
Predictive Models
The multivariable combined model showed the best predic
tive efficiency compared to the clinical model or radiomics 

Table 5 The Correlation Between CD8+TILs Density and Clinicopathological Factors

Factors Training Validation

Positive Negative p Factors Positive Negative p

Age 64 (49–78) 64 (50–77) 0.562 Age 64 (49–78) 65 (50–77) 0.547

Gender 0.410 Gender 0.184
Male 49 54 Male 21 16

Female 23 34 Female 9 14

Smoking 0.043 Smoking 0.005
Yes 66 55 Yes 26 16

No 14 25 No 4 14

ECOG PS 0.133 ECOG PS 0.278
0–1 68 74 0–1 24 27

2 12 6 2 6 3

Stage 0.354 Stage 0.216
T1 39 31 T1 17 13

T2 21 26 T2 8 6

T3 20 23 T3 5 11
N 0.634 N 0.108

N0 50 36 N0 22 16

N1 40 34 N1 8 14
Differentiation 0.025 Differentiation 0.037

Well 16 28 Well 9 11

Moderate 37 38 Moderate 16 7
Poor 27 14 Poor 5 12

Table 6 The Performance of Radiomics Model, Clinical Model 
and the Combine Model for Predicting CD8+TILs in the Training 
and Validation Set

CD8+TILs Training

AUC 95% CI Sensitivity Specificity

Radiomics 0.764 0.662–0.867 0.714 0.804

Clinical 0.672 0.558–0.787 0.511 0.826

Combination 0.832 0.740–923 0.762 0.870

Validation

AUC 95% CI Sensitivity Specificity

Radiomics 0.728 0.562–0.894 0.615 0.750
Clinical 0.660 0.482–0.838 0.538 0.781

Combination 0.795 0.632–0.958 0.589 0.825

Figure 2 Receiver operating characteristic curves (ROC) of the biomarkers for 
classifying PD-L1 expression level based on clinical factors alone (Green), radiomics 
features alone (Blue) and a combined model which combined clinical and radiomics 
features (Red) in the training set.
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signatures alone for PD-L1, which achieved the greatest 
AUC in the training group (AUC= 0.871) (Figure 2) and 
validation group (AUC= 0.817). The other combined model 
distinguished positive CD8+TILs from negative CD8+TILs, 
which improved the AUC to 0.832 in the training dataset 
(Figure 3) and AUC= 0.795 in the validation dataset. The 
characteristic performance of the classifier is listed in Tables 
4 and 6 for sensitivity and specificity.

Discussion
As a novel treatment trend, the importance of immunother
apy has gradually increased in ESCC treatment. A number 
of randomized trials investigated the binding of checkpoint 
inhibitors to PD-1 or PD-L1 and reported promising results 
in ESCC.28,29 Therefore, biomarkers that predict tumor PD- 
L1 and CD8+TILs expression levels are necessary for ICI 
intervention in the future. The gold standards for these 
immunological factor evaluations were primarily detected 
using IHC staining of biopsy specimens or surgical resec
tion, but these histological methods are unsatisfactory due 
to tumor heterogeneity and the low percentage of tumor 
cells. Radiomics extracted large amounts of quantitative 
features from radiological images, and it quantified tumor 
phenotypical differences and provided noninvasive predic
tive information.30,31 The present study observed that clin
ical and radiomics parameters had potential roles in 
predicting PD-L1 and CD8+TILs expression in ESCC 

patients. Our results showed that a combination of clinico
pathological variables and imaging features provided sup
port and complementarities for capturing tumor phenotypes, 
which suggests that radiomics features reveal more charac
teristics than conventional clinical factors.

High PD-L1 expression was related to a good response 
to immune checkpoint inhibitors in previous studies and to 
an adverse prognosis in various tumors, including esopha
geal cancer.32,33 Nevertheless, few studies demonstrated 
the opposite results and found that the correlation between 
positive PD-L1 and response to immunotherapy was weak 
or the efficacy of ICIs remained low, as Wakita et al34 and 
Jesinghaus et al35 reported. For the discrepancy in results, 
in addition to the experimental methods, histological 
types, ethnically diverse population and antibodies, the 
evaluation criteria and cut-off values of PD-L1 also 
deserve discussion. There is no uniform opinion about 
how to evaluate PD-L1 expression in IHC. Tumor propor
tion scores (TPS), combined positive score (CPS) and 
H-score were all used as evaluation criteria in previous 
research. Cases with PD-L1-stained cells ranging from 1% 
to 10% of the total tumor cells were considered PD-L1- 
positive in pancreatic cancer,36 and Yoon et al applied CT 
radiomics for predicting PD-L1 expression and defined 
PD-L1 positive as ≥50% (TPS) with any intensity in 
NSCLC.22 Some research ignored the intensity of staining 
to a certain extent, which influenced on the PD-L1 pre
dictive accuracy and response to immunotherapy. 
Consequently, standard evaluation criteria and accurate 
cut-off values are urgently needed in the future.

Many studies explored the relationship between clin
icopathological factors and positive PD-L1 expression, but 
the results are unstable. Tumor staging and differentiated 
grade were independent predictors of PD-L1 expression in 
ESCC in our study. Consistent with our results, Zhu et al37 

and Jiang et al38 found that PD-L1 positive expression was 
associated with deeper tumor depth and poorly differen
tiated tumors, respectively. Notably, a similar conclusion 
was confirmed in other tumor types,39,40 although the 
mechanisms of PD-L1 in tumor growth and differentiation 
are indistinct and unclear. One reasonable explanation for 
this result is that the PD-1/PD-L1 pathway mediates 
immune evasion, which allows tumor cells to proliferate 
and invades to a greater depth.41 A recent study found that 
the hypoxic tumor microenvironment caused by tumor 
invasion depth had an effect on PD-L1 expression.42

The genomic heterogeneity of malignant tumors con
tributes to regional variations in the stromal structure and 

Figure 3 Receiver operating characteristic curves (ROC) of the biomarkers for CD8 
+TILs prediction based on clinical model (Green), radiomics model (Blue) and a com
bined model which combined clinical and radiomics features (Red) in the training set.
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may be described as phenotypes using imaging features.43 

Several studies have shown that imaging features identi
fied characteristics of tumor gene expression and pheno
types. However, majority of radiomics investigations on 
esophageal cancer mainly focused on the fields of 
staging,44 prediction of treatment response45 and 
prognosis,46,47 and few studies were linked to the pheno
type. Chen et al observed that the textural features 
extracted from 18F-FDG PET images were predictive fac
tors of PD-L1 in 53 head and neck squamous cell carci
nomas (HNSCCs) before radiotherapy.48 Jiang et al 
reported that PET/CT radiomics features could be used to 
assess PD-L1 expression levels in NSCLC,21 and a similar 
conclusion was confirmed by Yoon et al in patients with 
lung adenocarcinoma.22 Our results demonstrated that 
radiomics-based features were superior to conventional 
clinical models in identifying PD-L1 expression, but the 
mechanism of the relationship between radiomics and 
underlying driving biology must be validated.

Compared to previous studies, we also investigated the 
association between radiomics features and CD8+TILs 
density.49 CD8 is primarily expressed on cytotoxic 
T lymphocytes (CTLs), which kills tumor cells by releas
ing perforin and mediating immune suppression.50–52 

There is evidence that a radiomics-based biomarker (Rad 
score) predicts the infiltration of tumor-infiltrating CD8 
+TILs in HCC and identifies potential candidates for 
immunotherapies.23 The clinical model in the present 
study had a smaller AUC than the radiomics-based 
model in the prediction of CD8+TILs, and the quantitative 
parameters achieved a higher predictive performance and 
improved the ROC curve. In summary, CT radiomics 
feature analysis reflected more infiltration characteristics 
than clinical data and was more easily performed and 
automatically acquired. Given the basis of molecular char
acterization, anti-tumor treatment has increasingly focused 
on the specific characteristics of each patient.53 The desire 
for optimized and individualized treatment requires an 
advanced approach, such as radiomics, to improve immu
notherapy efficiency in anti-cancer treatment.

Although CT radiomics were studied further in clinical 
practice, differences in study design and analysis methods 
were still major challenges for subjective comparison. 
Radiomics data were susceptible to multiple factors, invol
ving image acquisitions, constructions and segmentations. 
Consequently, it was necessary to establish a standard 
protocol for radiomics analysis and improve the perfor
mance of prediction and prognosis. Fortunately, the 

Quantitative Imaging Network (QIN) of the National 
Institute of Health and other organizations are constantly 
striving for standardization and normalization.54

There are some shortcomings in this study. Firstly, it 
was limited due to the retrospective nature of the study. 
Therefore, future studies must be prospectively evaluated to 
confirm our results. Secondly, the small number of patients 
and the single-center study contributed to the conclusion 
that is hardly generalizable to other institutions or data
bases. A multicenter study with a large sample size might 
compensate for this limitation. However, the difference 
between multicenter CT imaging protocols and variations 
in CT image acquisitions and reconstructions affected the 
reproducibility and resulted in inevitable deviation. Thirdly, 
our study did not detect a correlation between CT radiomics 
features and treatment effects. CT radiomics has the poten
tial to be a prognostic biomarker of immunotherapy 
response. Finally, CT images captured the characteristics 
of underlying tumor biology, combined with multiple mod
ality functional images, such as PET-CT, MR and radio
genomics, which may further improve the predictive ability. 
Although deficiencies exist, CT imaging features were still 
significantly related to immunological biomarkers.

Conclusion
In general, the present study demonstrated a strong correla
tion between pretreatment CT radiomics features and immu
nological biomarker expression status for patients with 
ESCC. The combination of radiomics features and clinical 
variables may improve the predictive performance of iden
tifying PD-L1 and CD8+TIL expression via CT scanning. 
The predictive model must be validated and evaluated in 
further prospective cohorts with large sample sizes.
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