
Frontiers in Immunology

OPEN ACCESS

EDITED BY

Wendy Nevala,
Mayo Clinic, United States

REVIEWED BY

Stergios Doumas,
William Harvey Hospital,
United Kingdom
Nerina Denaro,
Azienda Sanitaria Ospedaliera S.Croce
e Carle Cuneo, Italy

*CORRESPONDENCE

Yue He
eddielew@alumni.sjtu.edu.cn

†These authors have contributed
equally to this work

SPECIALTY SECTION

This article was submitted to
Cancer Immunity
and Immunotherapy,
a section of the journal
Frontiers in Immunology

RECEIVED 09 August 2022
ACCEPTED 28 October 2022

PUBLISHED 15 November 2022

CITATION

Wang F, Zhang W, Chai Y, Wang H,
Liu Z and He Y (2022) Constrast-
enhanced computed tomography
radiomics predicts CD27 expression
and clinical prognosis in head and
neck squamous cell carcinoma.
Front. Immunol. 13:1015436.
doi: 10.3389/fimmu.2022.1015436

COPYRIGHT

© 2022 Wang, Zhang, Chai, Wang, Liu
and He. 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.

TYPE Original Research
PUBLISHED 15 November 2022

DOI 10.3389/fimmu.2022.1015436
Constrast-enhanced computed
tomography radiomics predicts
CD27 expression and clinical
prognosis in head and neck
squamous cell carcinoma

Fang Wang1†, Wenhao Zhang1†, Ying Chai1†, Hanshao Wang1,
Zhonglong Liu2 and Yue He2*

1Department of Oral Surgery, Shanghai Ninth People’s Hospital, Shanghai Jiao Tong University
School of Medicine, College of Stomatology, Shanghai Jiao Tong University, National Center for
Stomatology, National Clinical Research Center for Oral Diseases, Shanghai Key Laboratory of
Stomatology, Shanghai Research Institute of Stomatology, Shanghai, China, 2Department of
Oromaxillofacial Head and Neck Oncology, Shanghai Ninth People’s Hospital, Shanghai Jiao Tong
University School of Medicine, College of Stomatology, Shanghai Jiao Tong University, National
Center for Stomatology, National Clinical Research Center for Oral Diseases, Shanghai Key
Laboratory of Stomatology, Shanghai Research Institute of Stomatology, Shanghai, China
Objective: This study aimed to construct a radiomics model that predicts the

expression level of CD27 in patients with head and neck squamous cell

carcinoma (HNSCC).

Materials and methods: Genomic data and contrast-enhanced computed

tomography (CT) images of patients with HNSCC were downloaded from the

Cancer Genome Atlas and Cancer Imaging Archive for prognosis analysis,

image feature extraction, and model construction. We explored the potential

molecular mechanisms underlying CD27 expression and its relationship with

the immune microenvironment and predicted CD27 mRNA expression in

HNSCC tissues. Using non-invasive, CT-based radiomics technology, we

generated a radiomics model and evaluated its correlation with the related

genes and HNSCC prognosis.

Results and conclusion: The expression level of CD27 in HNSCC may

significantly influence the prognosis of patients with HNSCC. Radiomics

based on contrast-enhanced CT is potentially effective in predicting the

expression level of CD27.

KEYWORDS
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Introduction

Head and neck squamous cell carcinoma (HNSCC) accounts

for approximately 90% of all head and neck tumors (1). At

present, the treatment of patients with HNSCC predominantly

consists in surgery combined with radiotherapy and

chemotherapy; however, the 5-year survival rate remains

considerably low, and approximately half of the patients die

within 5 years (2). The classical prognostic indicators of

HNSCC, including clinical pathological features, presence of

the human papillomavirus (HPV), and computed tomography

(CT) and magnetic resonance imaging (MRI) findings, no longer

satisfy the clinical requirements for precision medicine (3).

Therefore, further investigation of novel prognostic markers

and prognostic stratification of patients are necessary to

provide new indicators for individualized precision treatment.

The T-cell activation antigen encoded by the CD27 gene is a

member of the tumor necrosis factor (TNF) receptor superfamily

(4). The CD27 receptor is necessary for the production and long-

termmaintenance of T-cell immunity. It binds to the ligand CD70

and plays a key role in regulating B-cell activation and

immunoglobulin synthesis (5). Furthermore, the CD27 protein

transduces signals that lead to NF KappaB and MAPK8/JNK

activation (6). The adaptor proteins TNF receptor-related factor

(TRAF2) and TRAF5 have been shown to mediate the CD27

signaling process (7). The CD27 binding protein Siva is a pro-

apoptotic protein that is considered to play an important role in

CD27-induced cell apoptosis (8). The NCT01460134 phase I

study evaluated the safety and dose in 56 patients with blood

tumors and advanced solid tumors (including metastatic

melanoma, renal cell carcinoma, prostate cancer, ovarian cancer,

colorectal cancer, and non-small cell lung cancer). One of the 15

patients with metastatic renal cell carcinoma achieved partial

remission, with a tumor reduction rate of 78% and progression-

free survival of 2.3 years. Moreover, eight (14.29%) patients were

stable for 3.8–47.3 months. Among 19 patients with advanced B-

cell lymphoma who underwent intensive pretreatment, one

achieved complete remission (9). To date, the ongoing phase I/

II dose escalation and cohort expansion study (NCT02335918)

that investigates combination therapy with nivolumab for

different solid malignancies (including HNSCC) has only

obtained results for colorectal and ovarian cancers. These results

indicated that 5 of 49 patients (10%) with ovarian cancer achieved

partial remission, while 19/49 (39%) achieved stability (10).

Radiomics is a high-throughput image sequencing technique

that can yield several image feature parameters (11). It is a non-

invasive, dynamic detection and quantitative-reaction

technological tool for evaluating tumor characteristics.

Radiomics technology has been used widely in clinical settings.

Previous studies have demonstrated that radiomics can be used

for the early diagnosis of HNSCC and classification into types as

well as the evaluation of the tumor’s heterogeneity and

microenvironment (12).
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Therefore, this study aimed to (i) predict the mRNA

expression of CD27 in HNSCC tissues using non-invasive, CT-

based radiomics technology; (ii) evaluate the correlation between

the constructed radiomics model and the related genes and

prognosis; and (iii) explore the potential molecular mechanism

underlying the expression of CD27 and its relationship with the

immune microenvironment.
Materials and Methods

Sources of data and images

The medical imaging data (including the clinical and follow-

up data) and transcriptome sequencing data (including the

clinical and follow-up data) were obtained from The Cancer

Imaging Archive (TCIA, https://www.cancerimagingarchive.net/)

and the Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.

Gov/) databases, respectively, to determine the prognostic value

of CD27 expression as well as to construct a radiomics prediction

model and determine its prognostic value. The R package

“surfminer” was used to calculate the cutoff values.
Analysis of differences between groups

UCSC Xena (https://xenabrowser.net/datapages/) RNA-Seq

data in the “fragments per kilo base of transcript per million

mapped fragments” (FPKM) format were processed uniformly

via the coil process. The processing of the RNA-seq data in the

FPKM format and a log2 transformation were performed to

compare CD27 expression between samples. The R package

“ggplot2” was used for visualization.
Survival analyses

Kaplan–Meier survival curve analysis was used to reveal

changes in the survival rates in different groups, wherein the

median survival time represented the survival time that

corresponded to a survival rate of 50%. A log-rank test was

used to test the significance of the survival rate in the groups.
Univariate and multivariate Cox
regression analysis

Cox proportional hazard models are potentially useful in

examining the relationships between one or more research

factors and survival outcomes. Therefore, a single-factor Cox

regression was used in a comparison analysis to explore the

influencing factors of overall survival (OS). Using a multifactor

Cox regression, the eligibility of a factor as an independent
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influencing factor of OS was determined, and the role of multiple

influencing factors was also explored. When the hazard ratio

(HR) > 1, the independent variable was considered to be a risk

factor. When the HR was < 1, the independent variable was

considered as a protective factor. The R packages “survival” and

“forest plot” were used in these analyses.
Subgroup analysis and interaction test

An exploratory subgroup analysis was conducted using a

univariate Cox regression to analyze the impact of the main

variable, CD27 expression, (high-expression group vs. low-

expression group) on the prognosis of patients in each

covariate subgroup. A likelihood ratio test was used to analyze

the interaction between CD27 expression and other covariates.
Subtype analysis

Using the mesenchymal, basal, classical, and atypical

subtypes of HNSC as groups, the differences in CD27

expression values between the four groups were calculated.

The subtype data was downloaded from PMID: 25631445, and

the sample size was 272. The Kruskal–Wallis test was used to

analyze the differences in CD27 expression values between

groups of different subtypes, and the Bonferroni correction

was used to correct the differences between two groups.
Single-cell sequencing analysis

The expression of CD27 in immune cells was analyzed using

the GSE103322 data set provided by the scTIME network

(http://sctime.sklehabc.com/unicellular/home).
Correlation analysis

Spearman’s rank correlation coefficient was used to analyze

the correlation, and the results were displayed using a correlation

heat map.
Analysis of correlation between CD27
expression and immune-cell infiltration

We uploaded the gene expression matrix of the HNSCC

samples to the ImmuCellAI (http://bioinfo.life.hust.edu.cn/

ImmuCellAI#!/) and CIBERSORTx (https://cibersortx.stanford.

edu/) databases and measured immune-cell infiltration in each

sample (13). Spearman’s rank correlation coefficient was used to
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analyze the correlation between the main variable CD27

expression and immune cell infiltration. The R-package

“limma” was used to analyze the differences in immune-cell

infiltration between the CD27 high- and low-expression groups,

and the Wilcoxon test was used to draw the box diagram.
Enrichment analysis of differentially-
expressed genes

To further confirm the functions of potential targets, the

data were analyzed using a function enrichment analysis. Gene

Ontology (GO) is a widely-used tool for annotating functional

genes, especially regarding their related molecular functions

(MF), biological processes (BP), and cellular components

(CC). The Kyoto Encyclopedia of Genes and Genomes

(KEGG) is a widely-used database for storing information

regarding genomes, biological pathways, diseases, and drugs.

We visualized the top 10 significantly-enriched pathways

obtained from the BP, CC, and MF enrichment analyses and

the top 30 significantly-enriched pathways from the KEGG

enrichment analysis. We used the R package “clusterprofiler”

to conduct the GO (BP/CC/MF) and KEGG enrichment

analyses, with a q-value filter < 0.05 as the filter condition.
Screening of radiomics features

The parameters of 107 radiomics feature extracted using

pyradiomics from 139 TCIA–TCGA intersection samples were

standardized. The data were divided randomly into a training set

and a validation set according to a 6:4 ratio using the R package

“caret, cbcgrps.” The differences between the training and

validation sets were analyzed.

Before modeling, features were screened through recursive

feature elimination (RFE), whereby the predictive factors were

sorted, and the less-important factors were eliminated in turn.

The goal was to identify a subset of predictors that could be used

to generate accurate models. We maintained model training,

deleted n features of low importance after each training,

subsequently retrained the new features to reacquire feature

importance, and deleted n features of low importance again until

the optimal feature subset was obtained.
Construction of radiomics model

The support vector machine (SVM) algorithm uses support

vectors to identify high-latitude hyperplanes as decision

boundaries. Using the R package “caret,” the selected

radiomics features were modeled using the SVM algorithm to

predict gene expression.
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Evaluation of radiomics model and
consistency evaluation

The radiomics model was used to evaluate the effectiveness of

the models in the training and validation groups. The evaluation

indexes included accuracy, specificity, sensitivity, positive

predictive value, and negative predictive value. The x-axis of

the receiver operating characteristic (ROC) curve represented the

false-positive rate, while the y-axis represented the true-positive

rate. The x-axis of the recall curve (PR) represented coverage

(recall), that is, the true-positive rate, whereas the y-axis

represented accuracy (precision). The calibration degree of the

radiomics prediction model was evaluated by constructing the

calibration-curve and using the Hosmer–Lemeshow goodness-of-

fit testing method. The comprehensive performance of the image

ensemble prediction model was quantified using the Brier Score.

The clinical benefit of the radiomics prediction model was

displayed via a decision curve analysis (DCA). The area under

the curve (AUC) values of the training and validation sets were

compared using the DeLong test to verify fitting.

The intraclass correlation coefficient (ICC) was used to

evaluate the consistency of the radiomics features that were

extracted based on the volume of interest (VOI) outlines

obtained from two doctors. After one doctor sketched all the

cases, 20 samples were selected randomly using the random

number table method and sketched by another doctor, and the

radiomics characteristics were then extracted.
Time-dependent ROC curve

The probability value (radiomics score) of the prediction of

the radiomics model, with a cutoff value of 0.565, was used to

obtain the radiomics signature (RS) and combined with the

clinical data. With respect to the survival analysis data (survival

time and survival state), the disease status and factors were

expected to change with time. We constructed different ROC

curves according to varying time nodes, that is, time-dependent

ROC curves, to illustrate the predictive ability of various factors

at different time points. We also constructed the corresponding

time-dependent ROC curves at different time nodes (12, 36, and

60 months) after HNSCC diagnosis and drew a time-based AUC

curve to evaluate RS-expression differences in order to predict

the survival of patients at different time points.
Results

Patient characteristics

A total of 483 patients with HNSCC from the TCGA

database were included in the survival analysis and categorized
Frontiers in Immunology 04
into CD27 high-expression (n = 242) and low-expression

(n = 241) groups, with 1.2205156 as the cutoff value. The

clinical information of the patients is shown in Table 1.

Significant differences in the distribution of perineural

invasion, radiotherapy, primary tumor site, and HPV status

were noted between the CD27 high- and low-expression groups.
Association between gene expression
level and clinical characteristics

We found the CD27 expression in tumors to be higher than

that in normal tissue, and the difference was statistically

significant (Figure 1A). The median survival times in the

CD27 low- and high-expression groups were 32.93 (95%

confidence interval [CI], 25.43–58.26) and 69.43 (95% CI,

57.73–158.66) months, respectively. The Kaplan–Meier curve

analysis demonstrated that higher CD27 expression levels were

associated with OS improvement (Figure 1B). In addition, the T

and N cancer stages, perineural invasion, and radiotherapy were

also associated significantly with OS (Figures S1A–D).

Furthermore, the univariate analysis showed that high CD27

expression (HR = 0.555; 95% CI, 0.419–0.735, P < 0.001), male,

and radiotherapy were protective factors for OS (Figure 1C).

After multivariate adjustment, the multivariate analysis showed

that high CD27 expression (HR = 0.589; 95% CI, 0.436–0.796,

P < 0.001) and radiotherapy were protective factors for OS

(Figure 1D). Within the primary-tumor-site subgroup, the

subgroup analysis revealed that a CD27 increase was a

protective factor for OS. The P value for the interaction test

was 0.026, suggesting a significant interaction between CD27 and

the different primary tumor sites (Figure 1E). Besides, the

difference in the expression values of CD27 between different

subtypes was statistically significant (P < 0.001). After pairwise

comparison, there was no statistical difference in CD27

expression between the basal and classical groups, but there

were significant differences in CD27 expression between the

atypical and basal groups and the basal and mesenchymal

groups (P < 0.001) (Figure 1F). Moreover, the CD27

expression value in the atypical group was higher than that in

the basal, classical, and mesenchymal groups. Finally, the main

variable, CD27 expression, showed a significant correlation with

the tumor grade, perineural invasion, chemotherapy, and the

HPV status (Figure 1G).
CD27 expression correlates with HNSCC
immune-cell infiltration

We analyzed single-cell sequencing data on HNSCC

provided by the scTIME network. We visualized the clustering
frontiersin.org
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of 40 immune cells (Figure 2A) and the distribution of CD27

expression in 33 immune cells (Figures 2B, C). Single-cell

RNA sequencing analysis showed that CD27 was expressed in

CD4-CCR7-FOS, CD4-LEF1 Treg, cycling T cells, and other

immune cells. Besides, the correlation analysis showed that

CD27 expression had a significant correlation with cytotoxic T

cells, depleted T cells, and other activated T cells (P < 0.001)

(Figure 2D). Moreover, the degree of macrophage (M0 cell)

infiltration was significantly elevated in the CD27 high-

expression group (P < 0.05), while the degree of infiltration of

activated natural killer (NK) cells was not significantly different

between the two groups (P > 0.05) (Figure 2E).
Frontiers in Immunology 05
Analysis of differentially-expressed genes
(DEGs) in HNSCC associated with high
and low CD27 expression

The GO enrichment analysis revealed that DEGs related to

DNA-binding, transcription-factor binding, and transcriptional

auxiliary regulatory activity were enriched in the CD27 high-

expression group compared to the low-expression group

(Figure 2F). The KEGG enrichment analysis revealed that DEGs

were significantly enriched in the MAPK signaling pathway, cell

cycle, and RAS signaling pathway in the CD27 high-expression

group compared to the low-expression group (Figure 2G).
TABLE 1 Patient characteristics.

Variables Total (n = 483) Low (n = 241) High (n = 242) P

Age (years) n (%) 0.254

~59 211 (44) 112 (46) 99 (41)

60~ 272 (56) 129 (54) 143 (59)

Gender n (%) 0.129

Female 128 (27) 56 (23) 72 (30)

Male 355 (73) 185 (77) 170 (70)

Grade n (%) 0.164

G1/G2 348 (72) 181 (75) 167 (69)

G3/G4/GX 135 (28) 60 (25) 75 (31)

Perineural invasion n (%) 0.003

No 181 (37) 79 (33) 102 (42)

Unknown 141 (29) 64 (27) 77 (32)

Yes 161 (33) 98 (41) 63 (26)

T stage n (%) 0.269

T1/T2 173 (36) 80 (33) 93 (38)

T3/T4/TX/Unknown 310 (64) 161 (67) 149 (62)

N stage n (%) 0.2

N0 164 (34) 89 (37) 75 (31)

N1/N2/N3/NX/Unknown 319 (66) 152 (63) 167 (69)

M stage n (%) 0.413

M0 174 (36) 82 (34) 92 (38)

M1/MX/Unknown 309 (64) 159 (66) 150 (62)

Radiotherapy n (%) 0.033

No 234 (48) 129 (54) 105 (43)

Yes 249 (52) 112 (46) 137 (57)

Chemotherapy n (%) 0.13

No 322 (67) 169 (70) 153 (63)

Yes 161 (33) 72 (30) 89 (37)

Primary tumor site n (%) < 0.001

Larynx 109 (23) 42 (17) 67 (28)

Oral cavity 297 (61) 174 (72) 123 (51)

Oropharynx/Hypopharynx 77 (16) 25 (10) 52 (21)

HPV status n (%) 0.003

Negative 68 (14) 34 (14) 34 (14)

Positive 30 (6) 6 (2) 24 (10)

Unknown 385 (80) 201 (83) 184 (76)
frontier
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Clinicopathological characteristics of
radiomics participants

We divided the overall data set and obtained 84 training sets

and 55 verification sets (Table 2). The P value of each variable in

the analysis of differences between groups was > 0.05, indicating

that the baseline status of the patients in the training and

validation sets was consistent and comparable between groups.

Nine radiomics features were screened out (Figure 3A).

Construction and evaluation of
radiomics models

We constructed a radiomics model and analyzed the

importance of the selected features (Figure 3B). After the
Frontiers in Immunology 06
evaluation, the radiomics model exhibited a favorable

predictive ability, as demonstrated by the ROC curve. The

model’s AUC values in the training and validation sets were

0.793 and 0.733, respectively (Figure 3C). The calibration-curve

analysis (Figure 3D) and Hosmer–Lemeshow goodness-of-fit

testing (Figure 3E) revealed that the prediction probability of the

radiomics prediction model for determining the level of genetic

expression was consistent with the true value (P > 0.05). The

DCA model displayed clinical practicability. When comparing

the AUC values, no statistical difference was noted between the

validation and training sets (P = 0.496), indicating that the

model had a favorable fit. In addition, the ICC values of the

radiomics features included in the model were all above 0.85,

indicating that these radiomics features had a favorable

consistency (Table 3).
B

C D

E

F

G

A

FIGURE 1

Association between gene expression level and clinical characteristics. (A) CD27 expression in normal and tumor tissues. (B) Correlations
between CD27 expression and OS in HNSCC. (C) Univariate Cox regression analyses. (D) Multivariate Cox regression analyses. (E) Subgroup
analysis and interaction test. (F) Subtype analysis. (G) Correlation analysis between CD27 expression and clinical parameters of HNSCC. **p <
0.01, ***p < 0.001, NS, no significance.
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Association between RS and clinical
characteristics

The RS distribution in the training and validation sets was

significantly different between the CD27 high- and low-
Frontiers in Immunology 07
expression groups (p < 0.05). In the CD27 high-expression

group, the RS value was high (Figure 4A). The RS exhibited a

significant positive correlation with the model’s prediction of

CD27 expression, with a correlation coefficient of 0.420 (P <

0.001). The correlation between the RS value and the expression
B

C

D

E

F G

A

FIGURE 2

Analysis of the immune-cell infiltration and the DEGs associated with CD27 expression in HNSCC. (A) Clustering of 40 types of immune cells.
(B) Immune cells exhibiting CD27 expression. (C) Expression and distribution of CD27 in 33 types of immune cells. (D) Correlations between CD27
expression and immune-cell infiltration in HNSCC in the ImmuCellAI database. (E) Correlations between CD27 expression and immune-cell
infiltration in HNSCC in the CIBERSORTx database. (F) GO enrichment analysis. (G) KEGG enrichment analysis. *p < 0.05, **p < 0.01, ***p < 0.001,
NS, no significance.
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of immune-related genes was similar to that between CD27

expression and the expression of immune-related genes, with

both correlations being positive and statistically significant

(Figure 4B). A total of 139 patients with HNSCC from the

TCGA database were included in the survival analysis and were

divided into the RS for high CD27 expression (n = 70) and low
Frontiers in Immunology 08
CD27 expression (n = 69) groups. The clinical information of the

patients is shown in Table S1. As shown by the ROC curve, the

AUC value for the ability of CD27 expression, as determined by

the RS, to predict OS prognosis (60 months) was 0.725. The

AUC value increased with time (Figure 4C). Finally, the median

survival time in the CD27 low-expression group, as determined
TABLE 2 Data set division.

Variables Total (n = 139) Train (n = 84) Validation (n = 55) P

CD27 n (%) 1

Low 63 (45) 38 (45) 25 (45)

High 76 (55) 46 (55) 30 (55)

Gender n (%) 0.219

Female 34 (24) 17 (20) 17 (31)

Male 105 (76) 67 (80) 38 (69)

Age n (%) 0.526

~59 64 (46) 41 (49) 23 (42)

60~ 75 (54) 43 (51) 32 (58)

HPV_status n (%) 0.422

Negative 15 (11) 11 (13) 4 (7)

Positive/Unknown 124 (89) 73 (87) 51 (93)

Perineural_invasion n (%) 0.373

NO 48 (35) 28 (33) 20 (36)

Unknown 49 (35) 27 (32) 22 (40)

YES 42 (30) 29 (35) 13 (24)

Primary_tumor_site n (%) 0.5

Larynx 34 (24) 19 (23) 15 (27)

Oral Cavity 84 (60) 50 (60) 34 (62)

Oropharynx/Hypopharynx 21 (15) 15 (18) 6 (11)

Grade n (%) 0.424

G1/G2 97 (70) 56 (67) 41 (75)

G3/G4/GX 42 (30) 28 (33) 14 (25)

T_stage n (%) 0.739

T1/T2 42 (30) 24 (29) 18 (33)

T3/T4/TX/Unknown 97 (70) 60 (71) 37 (67)

N_stage n (%) 0.506

N0 54 (39) 35 (42) 19 (35)

N1/N2/N3/NX/Unknown 85 (61) 49 (58) 36 (65)

M_stage n (%) 0.027

M0 66 (47) 33 (39) 33 (60)

M1/MX/Unknown 73 (53) 51 (61) 22 (40)

Radiotherapy n (%) 0.404

NO 68 (49) 44 (52) 24 (44)

YES 71 (51) 40 (48) 31 (56)

Chemotherapy n (%) 0.855

NO 96 (69) 59 (70) 37 (67)

YES 43 (31) 25 (30) 18 (33)

OS n (%) 0.335

0 88 (63) 50 (60) 38 (69)

1 51 (37) 34 (40) 17 (31) 1
frontiersi
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B
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E

FIGURE 3

Construction and evaluation of the radiomics models. (A) Radiomics features with statistical differences. (B) Importance of the selected features
in the model. (C) ROC curve analysis of the radiomics model. (D) Calibration-curve analysis of the radiomics model. (E) Hosmer–Lemeshow
goodness-of-fit testing of the radiomics model.
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by the RS, was 58.27 months. In contrast, the median survival

time in the CD27 high-expression group, as determined by the

RS, was longer than the follow-up period, demonstrating that a

higher RS value was related to OS improvement (Figure 4D).
Discussion

Since the classical approaches for identifying prognostic

indicators in HNSCC, such as CT and MRI, no longer satisfy

the clinical requirements for precision medicine (14),

identification of novel prognostic markers and stratification of

patients based on prognosis are warranted to provide new

indicators for individualized precision treatment (15). On this

premise, this study established CD27 expression as a potentially

significant prognostic indicator in patients with HNSCC.

CD27, a member of the TNF receptor superfamily, is

structurally expressed on immature T cells, memory B cells,

NK cells, hematopoietic stem cells, and progenitor cells. CD27 is

a transmembrane phosphoglycoprotein expressed on CD4+ and

CD8 + T cells (5). CD27 expression increases when T cells are

activated, as well as during apoptosis. After activation, CD27

takes a soluble form (sCD27). CD70 (also known as CD27L) is

the sole ligand of CD27. After binding with CD70, CD27 can

bind to TRAF to produce intracellular signals that may

potentially enhance the survival and activation of T cells, B

cells, and NK cells through the activation of TRAF2 and TRAF5

signals and the NF-kB pathway (16). CD27–CD70 interaction is

strictly regulated to prevent overexpression and subsequent

lymphocyte overactivation (17). In this study, we found that

CD27 expression was significantly and positively correlated with

T- and B-cell infiltration, thus further corroborating the above

view. Besides, the correlation analysis showed that CD27

expression had a weak correlation with naive CD8+ T cells,

while it had a significant correlation with cytotoxic T cells,

depleted T cells, and other activated T cells.

Recently, with the development of T-cell therapy with

immune checkpoint inhibitors and other advances in treating

tumors, the costimulatory mechanisms underlying T-cell
Frontiers in Immunology 10
activation and proliferation have drawn increasing attention

(18, 19). Costimulatory activation of the CD27–CD70 axis has

been has been harnessed as a treatment for cancers made of

various tumor cell types (20, 21). Therefore, activation of the

CD27–CD70 axis as a novel, future therapeutic target

demonstrates great prospects.

Radiomics can be used to predict prognosis in several

diseases (22). In some studies, the treatment response of

patients with HNSCC undergoing radical radiotherapy was

predicted based on quantitative ultrasound radiomics with an

accuracy > 90% (23). The SVM model can accurately identify

patients at high risk of disease recurrence, thus having a great

impact on survival rate (24). Additional studies have also

compared several models, including logistic regression,

random forest, Naïve Bayes, SVM, AdaBoost, and neural

network models, in predicting occult neck lymph node

metastasis in early oral tongue squamous cell carcinoma based

on preoperative MRI texture features (25–28). These studies

have demonstrated that Naïve Bayes offers the best performance,

with the node status correctly identified in 74.1% of patients. All

the above studies underscore the potential of radiomics in

clinical treatment.

Radiomics has shown great potential in predicting tumor

prognosis and evaluating treatment effect, but there are still

some limitations. For example, there is a lack of multicenter

prospective radiomics research to guide clinical practice. The

reason is that there is no gold standard yet for radiomics

research methods and the repeatability of radiomics features

needs to be further improved. In addition, image reconstruction

algorithms, preprocessing methods, individual differences, and

feature extraction algorithms can affect the stability and

repeatability of the radiomics features. At present, radiomics is

still in its infancy. Solving the repeatability issue is the key for

future research, and will further promote individualized, precise

treatment in cancer.

This study aimed to predict CD27 expression in HNSCC and

determine its clinical prognostic value based on an enhanced-

contrast CT radiomics model. For example, CD27 in TCGA-BA-

5152 was measured to be highly expressed. As determined by the

radiomics model, the radiomics score was 0.632 (the threshold

determined by the Joden index of the ROC curve was 0.62),

predicting that CD27 was highly expressed. In addition, as a

costimulatory T-cell receptor, CD27 is closely related to the

prognosis of patients with HNSCC (29). In this study, we found

CD27 to be correlated with tumor grade. The Kaplan–Meier

curve revealed that a low molecular expression was associated

with the deterioration of survival. A multivariate analysis

revealed that a high CD27 expression was a protective factor

for OS. Most patients with HNSCC who reached the advanced

stage at diagnosis exhibited no obvious precancerous lesions

clinically. HNSCC possesses significant heterogeneity, and

increasing prognostic information may be helpful in clinical

decision-making. In this study, we constructed a model for
TABLE 3 Radiomics features.

Item Impotence

original_shape_Maximum2DDiameterRow 0.988477126

original_firstorder_Minimum 0.923561705

original_gldm_DependenceNonUniformityNormalized 0.996929778

original_shape_Flatness 0.990406861

original_glcm_InverseVariance 0.992422513

original_glcm_Idm 0.989387306

original_shape_MajorAxisLength 0.995909019

original_firstorder_Skewness 0.881504566

original_glcm_Id 0.989876579
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FIGURE 4

Association between RS and clinical characteristics. (A) Association between RS and CD27 expression. (B) Correlation analysis of RS, CD27
expression, and expression of immune genes expression. (C) Time-dependent ROC curve obtained according to the AUC value of the main variable
at each time point (12, 36, and 60 months). (D) Correlations between RS and OS in HNSCC. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.
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selected imaging characteristics in order to predict the

expression level of CD27 non-invasively. This may provide a

novel diagnostic tool to faciliate the clinical application

of immunotherapy.

Contrast-enhanced CT may increase the difference in

density between lesions and adjacent normal tissues through

the injection of contrast agent, thereby improving the lesions’

display rate (30); nonetheless, contrast-enhanced CT lacks

objectivity and is non-quantitative. On the other hand,

radiomics can mine high-throughput features from the images,

recognize deep information that cannot be obtained directly

with the naked eye, and conduct quantitative analysis. In

previous studies, it was possible to distinguish the phenotypes

of metastatic colorectal cancer by evaluating their imaging

characteristics (31). One study that used positron emission

tomography imaging to predict disease-free survival and OS in

patients with gastric cancer found that it exhibited a predictive

function superior to that of the tumor–node–metastasis staging

system or tumor markers (32).

Machine learning is a specific field of artificial intelligence,

which can be broadly defined as a computing algorithm/method

that uses data to improve performance or make accurate

predictions (33). The six most commonly-used machine

learning classifiers are Logical Regression, Naive Bayes, SVM,

Decision Tree, Neural Networks, and Deep learning (33). In this

study, an RFE algorithm was used to identify the optimal feature

set (34), and the SVM model was established to predict CD27

expression. This prediction model exhibited a favorable

consistency between its predictive probability and the true

value of gene expression. DCA revealed that the model had

high clinical practicability. No statistical differences in the AUCs

of the training and validation sets were observed, and the model

exhibited a favorable model fit. When applying the DeLong test

to verify the fitting of the training and validation sets, the AUC

value of the SVM model was found to exhibit no statistical

differences between the training and validation sets, and the

model exhibited a favorable prediction efficiency. Further

analysis found the probability of predicting the gene-

expression-level Rad score to be positively correlated with

CD27 expression. The Wilcoxon test revealed significant Rad-

score differences between the CD27 high- and low-expression

groups, and both the training and validation sets. In addition,

Kaplan–Meier curve analysis revealed an association between

high Rad scores and improved OS, indicating that our

radiomics-based prediction model had a favorable efficiency in

predicting CD27 gene expression and potentially offered

substantial value in guiding clinical prognosis prediction.
Conclusion

Our results showed that a significant correlation existed

between CD27 expression and the prognosis of HNSCC. Based
Frontiers in Immunology 12
on our contrast-enhanced CT radiomics model, the expression

level of CD27 can be predicted effectively. This prediction model,

which was based on radiomics characteristics, exhibited

favorable stability and diagnostic efficiency.
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33. Bruixola G, Remacha E, Jiménez-Pastor A, Dualde D, Viala A, Montón JV,
et al. Radiomics and radiogenomics in head and neck squamous cell carcinoma:
Potential contribution to patient management and challenges. Cancer Treat Rev
(2021) 99:102263. doi: 10.1016/j.ctrv.2021.102263

34. Sanz H, Valim C, Vegas E, Oller JM, Reverter F. SVM-RFE: Selection and
visualization of the most relevant features through non-linear kernels. BMC Bioinf
(2018) 19:432. doi: 10.1186/s12859-018-2451-4
frontiersin.org

https://www.frontiersin.org/articles/10.3389/fimmu.2022.1015436/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2022.1015436/full#supplementary-material
https://doi.org/10.1038/s41572-020-00224-3
https://doi.org/10.1016/j.oraloncology.2016.12.010
https://doi.org/10.1038/s41571-019-0227-z
https://doi.org/10.1136/esmoopen-2019-000629
https://doi.org/10.1136/esmoopen-2019-000629
https://doi.org/10.1517/14728222.2016.1158812
https://doi.org/10.2174/1568010054022060
https://doi.org/10.3389/fimmu.2018.01986
https://doi.org/10.2147/DDDT.S200610
https://doi.org/10.2147/DDDT.S200610
https://doi.org/10.1182/bloodadvances.2019001079
https://doi.org/10.1182/bloodadvances.2019001079
https://doi.org/10.1136/jitc-2022-005147
https://doi.org/10.2967/jnumed.118.222893
https://doi.org/10.2967/jnumed.118.222893
https://doi.org/10.1002/mp.13678
https://doi.org/10.1016/j.omtn.2020.08.030
https://doi.org/10.1016/j.omtn.2020.08.030
https://doi.org/10.1038/nrc.2018.11
https://doi.org/10.1002/hed.26534
https://doi.org/10.1002/hed.26534
https://doi.org/10.1016/j.semarthrit.2015.08.001
https://doi.org/10.1016/j.semarthrit.2015.08.001
https://doi.org/10.3389/fimmu.2021.715909
https://doi.org/10.1016/S0140-6736(21)01206-X
https://doi.org/10.1146/annurev-pathol-042020-042741
https://doi.org/10.1189/jlb.0610351
https://doi.org/10.1189/jlb.0610351
https://doi.org/10.1182/blood.2020006738
https://doi.org/10.1088/0031-9155/61/13/R150
https://doi.org/10.1002/cam4.3634
https://doi.org/10.1016/j.csbj.2014.11.005
https://doi.org/10.1007/s00330-021-07731-1
https://doi.org/10.1088/1361-6560/abb71c
https://doi.org/10.1016/j.joms.2020.06.015
https://doi.org/10.1038/s41598-021-02638-9
https://doi.org/10.1002/ijc.33446
https://doi.org/10.5152/dir.2016.16123
https://doi.org/10.5152/dir.2016.16123
https://doi.org/10.1007/s00330-020-07192-y
https://doi.org/10.1016/j.rcl.2020.11.008
https://doi.org/10.1016/j.ctrv.2021.102263
https://doi.org/10.1186/s12859-018-2451-4
https://doi.org/10.3389/fimmu.2022.1015436
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	Constrast-enhanced computed tomography radiomics predicts CD27 expression and clinical prognosis in head and neck squamous cell carcinoma
	Introduction
	Materials and Methods
	Sources of data and images
	Analysis of differences between groups
	Survival analyses
	Univariate and multivariate Cox regression analysis
	Subgroup analysis and interaction test
	Subtype analysis
	Single-cell sequencing analysis
	Correlation analysis
	Analysis of correlation between CD27 expression and immune-cell infiltration
	Enrichment analysis of differentially-expressed genes
	Screening of radiomics features
	Construction of radiomics model
	Evaluation of radiomics model and consistency evaluation
	Time-dependent ROC curve

	Results
	Patient characteristics
	Association between gene expression level and clinical characteristics
	CD27 expression correlates with HNSCC immune-cell infiltration
	Analysis of differentially-expressed genes (DEGs) in HNSCC associated with high and low CD27 expression
	Clinicopathological characteristics of radiomics participants
	Construction and evaluation of radiomics models
	Association between RS and clinical characteristics

	Discussion
	Conclusion
	Data availability 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


