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Editorial on the Research Topic

Community series in novel biomarkers in tumor immunity and
immunotherapy, volume I

Cancer immunotherapy has recently revolutionized cancer treatment. However,
response rates are still modest and further improvements are urgently needed. The
identification of predictive biomarkers is critical for guiding treatment and predicting
outcomes. This editorial highlights contributions from recent research, showcasing a range
of innovative studies that explore biomarkers in tumor immunity and their implications for
cancer immunotherapy.

This Research Topic comprises twelve original articles and one systematic review. The
first article by Liu et al. identified a novel immune-based subtype of poor prognosis in
breast cancer, which offers implications for immunotherapy targeting tertiary lymphoid
structures. The study showed the critical roles of IL-6 and IL-6R, in addition to CD46 and
JAG], in the survival and invasive capacity of cancer cells, highlighting their potential as
targets in antitumor therapies.

With the emergence of COVID-19 pandemic, the relationship between viral infections
and cancer outcomes has attracted investigational interests. The second study by Wang
et al. developed a SARS-CoV-2-related gene signature, which can be implemented to
predict prognosis and mirror the immune landscape in the tumor microenvironment in
patients with lung adenocarcinoma.

Single-cell RNA sequencing has transformed our understanding of the tumor
microenvironment and tumor immunity. Using single-cell RNA-seq data from the GEO
database, Fan et al. uncovered the role of T cell exhaustion in osteosarcoma. Three T-cell
exhaustion-related genes (RAD23A, SAC3D1, PSIP1) were identified and used to formulate
a T-cell exhaustion model. This data should be useful in designing interventional studies to
reinvigorate the exhausted immune responses in osteosarcoma.
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Predictive models for cancer therapies are an important area of
research focus. The study by Shi et al. reported that PD-LI, tumor
mutational burden (TMB) and neutrophils were prognostic
biomarkers for a short-term efficacy of anti-PD-1 therapy
combined with chemotherapy in patients with non-small cell
lung cancer.

Immune-related adverse events (irAEs) associated with cancer
immunotherapies are a concern. Xing et al. identified potential
biomarkers for prediction of thyroid irAEs in patients with
advanced gastrointestinal cancer. The study reported that elevated
levels of adenosine deaminase (ADA) were associated with the
occurrence of thyroid irAEs in these patients receiving anti-PD-
1 therapy.

The immune system plays critical roles in the development and
treatment of different cancers. Fang et al. have further dissected the
role of the immune system in thyroid cancer. The study explored
the genetic means for the involvement of immune cells in
tumorigenesis, which may offer insights for future clinical
research in thyroid cancer.

Inflammation plays key roles in the development and prognosis
of cancers. A meta-analysis study by Wang et al. identified the
prognostic value of systemic immune-inflammation index (SII) in
osteosarcoma. The study reported that higher SIT was significantly
associated with poor overall survival and advanced stage.

The identification of telomere-related long non-coding RNAs
(IncRNAs) is an area of interest in cancer. The study by Xu et al.
established a prognostic model for the telomere-related IncRNAs
(TRLs). A six-TRLs prognostic model has been identified in ovarian
cancer, which offers an avenue for targeted therapies.

Artificial intelligence in the diagnosis and prognosis of cancer is
gaining great interest. Using whole slide image-based weakly
supervised deep learning, Han et al. developed models to predict
major pathological response to neoadjuvant chemoimmunotherapy
in non-small cell lung cancer patients.

Pain is a serious issue associated with cancer. The study by
Zhang et al. investigating the correlation and potential mechanisms
between pain and the efficacy of cancer immunotherapy.
Interestingly, baseline pain was found to be an independent
prognostic factor affecting the efficacy of immune checkpoint
inhibitors in non-small cell lung cancer patients, potentially
through promotion of CXCL12-mediated inflammation
and immunosuppression.

In search for biomarkers for therapeutic response to immune
checkpoint inhibitors, a nationwide multi-centric prospective study
aimed to identify pretreatment plasma exosome mRNAs as
predictive biomarkers for nivolumab, a PD-1 inhibitor in head
and neck cancer patients. Sato et al. reported that the plasma
exosome MRNAs signature may better predict which patients
respond to nivolumab, ensuring a more personalized approach to
immune checkpoint inhibitors.

In another study aiming to predict which anaplastic thyroid
carcinoma patients may benefit from immunotherapy, the study by
Pengping et al. revealed that HLF gene hinders cancer progression
by down-regulating the epithelial-to-mesenchymal transition
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pathway, reducing T cell exhaustion, and increasing sensitivity to
sorafenib kinase inhibitor.

Finally, Wellhausen et al. showed how pembrolizumab, a PD-1
inhibitor, can enhance the efficacy of neoadjuvant chemotherapy in
in vitro studies. This study reported that suppression of MCP-1,
IFN-y and IL-6 production by pembrolizumab in head and neck
squamous cell carcinoma was linked to improved survival. This
work highlights the synergistic effects of immune checkpoint
inhibitors and chemotherapy, which are mediated by the
inhibition of inflammatory cytokines.
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Discovery of an independent
poor-prognosis subtype
associated with tertiary lymphoid
structures in breast cancer
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Introduction: Tertiary lymphoid structures (TLSs) are ectopic lymphoid
formations that arise in non-lymphoid tissues due to chronic inflammation.
The pivotal function of TLSs in regulating tumor invasion and metastasis has
been established across several cancers, such as lung cancer, liver cancer, and
melanoma, with a positive correlation between increased TLS presence and
improved prognosis. Nevertheless, the current research about the clinical
significance of TLSs in breast cancer remains limited.

Methods: In our investigation, we discovered TLS-critical genes that may impact
the prognosis of breast cancer patients, and categorized breast cancer into three
distinct subtypes based on critical gene expression profiles, each exhibiting
substantial differences in prognosis (p = 0.0046, log-rank test), with Cluster 1
having the best prognosis, followed by Cluster 2, and Cluster 3 having the worst
prognosis. We explored the impact of the heterogeneity of these subtypes on
patient prognosis, the differences in the molecular mechanism, and their
responses to drug therapy and immunotherapy. In addition, we designed a
machine learning-based classification model, unveiling highly consistent
prognostic distinctions in several externally independent cohorts.

Results: A notable marker gene CXCL13 was identified in Cluster 3, potentially
pivotal in enhancing patient prognosis. At the single-cell resolution, we delved
into the adverse prognosis of Cluster 3, observing an enhanced interaction
between fibroblasts, myeloid cells, and basal cells, influencing patient
prognosis. Furthermore, we identified several significantly upregulated genes
(CD46, JAGL, IL6, and IL6R) that may positively correlate with cancer cells’
survival and invasive capabilities in this subtype.
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Discussion: Our study is a robust foundation for precision medicine and
personalized therapy, presenting a novel perspective for the contemporary
classification of breast cancer.

KEYWORDS

tertiary lymphoid structures, tumor microenvironment, breast cancer, subtypes, prognosis

1 Introduction

As a widely utilized high-throughput sequencing method,
RNA sequencing technology empowers scientists to analyze gene
expression at the whole transcriptome level comprehensively. In
recent years, the rapid advancements in next-generation sequencing
technologies have yielded extensive biomedical data on cancer,
including information on cancer genomes, transcriptomes,
proteomes, and the tumor immune microenvironment.
Leveraging cutting-edge analytical techniques in machine learning
and deep learning, it has become possible to delve deeply into data
and unearth insights into the pathogenesis, intrinsic heterogeneity,
effective therapeutic targets, and other potential aspects of specific
cancers within large-scale research cohorts (1-3). This process aids
in achieving early and precise cancer diagnoses, selecting
personalized medical treatment strategies, and accurately
predicting therapeutic responses and prognostic risks.

According to the latest cancer statistics in the United States
published in CA Cancer ] Clin, breast cancer (BC) is the first
malignant tumor with the highest incidence rate in women
currently, and by 2023, it will have the highest number of new
cases of all cancer types. Among all female cancer patients, the
incidence rate of breast cancer is as high as 31%, and the mortality
rate has been ranked second, which seriously jeopardizes women’s
lives and health (4, 5). Based on gene expression profile
characteristics, breast cancer can be classified into five intrinsic
molecular subtypes, which are known as PAM50 typing. However,
gene sequencing is difficult to promote in the clinic due to its high
cost, time-consuming, and other drawbacks. The widely used typing
method is based on immunohistochemistry (IHC), which detects
the expression of Estrogen Receptor (ER), Progesterone Receptor
(PR), HER2, and Ki-67. IHC typing has a large margin of error and
low robustness and requires a biopsy of the patient, for which some
patients are not suitable (6, 7).

In recent years, some prognostic gene signatures associated with
breast cancer have been identified in several studies and applied to
clinical practice (8, 9). There is a long-standing hypothesis that
secondary lymphoid organs (SLOs) are the main sites of anti-tumor
immune responses (10). However, due to the distance between
SLOs and tumor tissues, immune cells can only migrate inside the
tumors to function. Nevertheless, recent findings have identified
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certain anti-tumor immune response sites within tumor tissues,
known as tertiary lymphoid structures (11). TLSs are ectopic
lymphoid structures formed at sites of chronic inflammation in
non-lymphoid tissues (12), composed of a variety of cells such as T
cells, B cells, follicular dendritic cells (FDCs), and other cells with
high endothelial venules (HEV). It has been shown that TLSs play a
crucial role in controlling tumor invasion. For example, the
correlation between high density of TLSs and more prolonged
overall survival (OS) and disease-free survival (DFS) has been
demonstrated in a large number of solid tumors such as lung,
colorectal, liver, breast, pancreatic, and melanoma (13-20). Not
only that, TLSs in tumor tissues also play a crucial role in anti-
tumor immune response and are related to the prognosis of
immunotherapy closely (21-23).

Given the close relationship between TLSs and cancer
prognosis, we looked at the expression levels of TLS-related genes
in breast cancer. We assessed their integrated correlation with
tumor microenvironment (TME) heterogeneity and clinical
prognosis. Specifically, we used TLS-related gene expression
profiles to typify breast cancer. Further, we explored the intrinsic
heterogeneity characteristics of TLS-derived breast cancer subtypes,
such as analyzing the prognosis of different subtypes, enriched
genes and pathways, differences in molecular mechanisms,
searching for subtype-specific biomarkers, etc., which, from
the perspective of TLSs, provides an insightful understanding
of the pathogenesis and progression of breast cancer, and also
provides the support and foundation for precision medicine and
personalized treatment.

2 Materials and methods

2.1 Molecular data and clinical information
on breast cancer

In this study, transcriptome expression data and clinical
information were acquired for a total of 1215 breast cancer
samples from The Cancer Genome Atlas Project (TCGA). Copy
number variant data, calculated using the Illumina platform based
on the GISTIC2 method, were downloaded from the UCSC Xena
database (https://xenabrowser.net/datapages/). The METABRIC
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dataset, encompassing transcriptome expression data and clinical
information for 1904 breast cancer patients, was downloaded from
cbio-portal (https://www.cbioportal.org) (24). Additionally,
external independent breast cancer datasets GSE19615 (n = 115)
and GSE20685 (n = 327) (25, 26), the 10X single-cell RNA
sequencing dataset GSE195665 (n = 167) (27), along with the
cohort of triple-negative breast cancer patients receiving anti-
angiogenic immunotherapy GSE103668 (n = 21) (28), were
downloaded from Gene Expression Omnibus (GEO).

2.2 Consensus clustering for investigating
potential breast cancer subtypes

We implemented unsupervised consensus clustering with the
parameter “clusterAlg = pam, distance = euclidean, pItem = 0.8”
using the “ConsensusClusterPlus” R software package (version
1.64.0) (29). This approach enabled the adjustment of the cluster
number from 2 to 6, facilitating the identification of the most stable
consensus matrix and the most distinct cluster assignment during

the iterative clustering process.

2.3 Computational index for breast
cancer-related events and
immune microenvironment

We used the “method = ssgsea” function from the “GSVA”
software package (version 1.48.0) to ascertain the activity scores of
TLS-related genes in patients (30). To evaluate any significant
variations in overall survival (OS) among subtypes, we conducted
Kaplan-Meier (KM) survival analysis and applied the log-rank test
using the “survival” software package (version 3.5.5) (31). To
identify differentially expressed genes (DEGs) within the TLS-
derived subtypes, we employed the FindAllMarkers function
integrated within the “Seurat” software package (version 4.3.0)
(32). Genes exhibiting adjusted p < 0.05 and a log2FC > 1 were
classified as significantly differentially expressed. For an in-depth
exploration of the distinct biological processes and pathways
manifesting significant differential expression among the subtypes,
we harnessed the bitr function of the “clusterProfiler” software
package (version 4.0.5) to convert gene symbols to Entrez IDs (33).
Subsequently, we conducted an enrichment analysis using the
enrichGO function with the “ont = BP” parameter, as well as the
enrichKEGG function, to elucidate and analyze the enriched Gene
Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathways. GO and KEGG terms demonstrating adjusted
p < 0.05 were deemed significantly enriched. We leveraged the
“ESTIMATE” software package (version 1.0.13) to estimate stromal
scores, immune scores, and tumor purity in patients (34), the
immune infiltration tool “CIBERSORT” was used for assessing
the relative abundance of 22 immune cell types in patients (35).
Furthermore, we used the “genefu” software package (version
2.32.0) to predict the PAMS50 type of patients in the single-cell
dataset (GSE195665) (36).
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2.4 Building machine learning models to
predict Cluster 1&2 and Cluster 3 subtypes
of breast cancer patients

Considering that Cluster 3 identified in the TCGA breast cancer
cohort has the worst prognosis, we introduced the XGBoost model
to differentiate between Cluster 1&2 and Cluster 3 categories of
individual breast cancer patients. The TCGA breast cancer cohort
was randomly divided into training and testing sets according to
7:3, and the TLS-critical genes obtained from Lasso regression were
used as features in the training set. The XGBoost model was applied
to the training set using the “xgboost” function in the “XGBoost” R
package (version 1.7.5.1), with parameters set to “nfold = 10,
objective = binary: logistic, max. depth = 8, eval_metric =
logloss”, the model with the highest AUC value was kept. The
model performance was tested using the testing set and other
external independent datasets (METABRIC dataset, GSE195665,
GSE20685, GSE195665, and GSE103668).

2.5 Performing cell communication
analysis using CellChat

In the single-cell dataset, we used the CellChat package (version
1.6.1) to analyze intercellular communication in Cluster 1&2 and
Cluster 3 (37). CellChat is a specialized tool for analyzing intercellular
communication by integrating known intercellular communication
databases and single-cell RNA sequencing data, assisting in revealing
potential interactions between cell populations and contributing to
the understanding of the dynamic characteristics of intercellular
communication in biological processes.

2.6 Statistical analysis

All statistical analyses were performed in R4.3.0. Standard
statistical tests such as Student’s t-test, Wilcoxon rank sum test,
log-rank test, and Cox proportional risk regression were used to
analyze the expression and clinical data, and p < 0.05 was
considered statistically significant.

3 Results

3.1 Heterogeneity of TLSs in breast cancer
and potential prognostic value

TLSs are an integral part of anti-tumor immunity, and its
density is closely related to patient survival, prognosis, and
recurrence. Based on the existing studies on TLSs, we included 79
TLS-related genes by reviewing the literature (11, 18, 19, 21, 38-42)
to analyze 1,215 breast cancer samples from TCGA (Supplementary
Table S1). These genes are mainly chemokine- and immune cell-
associated genes which are closely related to the formation of
tertiary lymphoid structures. In the TCGA breast cancer cohort,
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Expression levels of TLS-related genes reveal the heterogeneity of the tumor microenvironment and its impact on prognosis in breast cancer.

(A) The t-SNE plot showing a projection of breast cancer samples based on TLS-related genes, with each point representing a sample; tumor
samples are shown in red and normal samples in blue. (B) Violin plot showing the differences in the expression levels of TLS-related genes in normal
and cancer samples of the breast cancer cohort. P-value was obtained by t-test. (C) Violin plot showing the distribution of overall survival time
between high- and low-expression groups of TLS-related genes in the breast cancer cohort. The high- and low-expression groups were divided by
the median, and the P value was obtained by t-test. (D) Violin plot showing the distribution of enrichment scores of TLS-related genes in PAM50
typing, with P-values obtained by Wilcoxon rank sum test. (E) Kaplan-Meier survival curves between the high- and low-expression groups of TLS-
related genes in PAM50 typing. P-values were calculated by log-rank test. (F) The LASSO algorithm was used to process the TLS-related genes, and
12 critical genes were screened for subsequent analysis. (G) Forest plot showing the prognostic impact of the 12 TLS-critical genes on the TCGA

breast cancer cohort as determined by univariate Cox regression analysis.

we observed a noteworthy disparity in the distribution of TLSs
between tumor and normal samples (Figure 1A), and there were
notable distinctions in the expression levels of TLS-related genes
between tumor and normal samples (Figure 1B). The high-
expression group had a longer overall survival time than the low-
expression group (Figure 1C). To validate the strong relationship
between TLSs and the prognosis of breast cancer patients, we
compared the relationship between the TLS-related gene activity
score and PAMS50, the classical staging of breast cancer. The results
showed that the Her2 and Basal subtypes, which had a poorer
prognosis, had lower TLSs (Figure 1D). Although PAMS50 typing
can be used to predict the prognosis of patients, such as LumA has a
better prognosis, whereas Her2 and Basal have a worse prognosis,
we were still able to differentiate between better and worse
prognostic groups from each of the PAM50 subtypes, based on
the level of TLS-related gene expression. Similarly, the prognosis of
the high-expression group was significantly better than the low-
expression group, demonstrating the good prognostic predictive
ability of TLS-related genes (Figure 1E).

To obtain more effective and reliable gene signatures for
predicting the prognosis, we screened the above 79 TLS-related
genes using LASSO regression and obtained 12 TLS-critical genes
(Figure 1F). The univariate Cox regression analysis showed that all
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critical genes significantly correlated with prognosis. CCL8, CCL2,
IL1R1, IL10, CRI, CETP, and GNLY were potential protective
factors, whereas SELL, HLA-F, LAMP3, HLA-DQB1, CXCL13
were potential risk factors (Figure 1G). In summary, TLSs show
significant heterogeneity in breast cancer and can impact the
prognosis of patients.

3.2 Determination of breast cancer
subtypes based on TLS-critical genes

To investigate the prognostic value of TLSs in breast cancer
more precisely, we performed a consensus clustering analysis on
TLS-critical gene expression profiles in the TCGA breast cancer
cohort. We categorized breast cancer patients into three subtypes:
Cluster 1, Cluster 2, and Cluster 3 (Figure 2A; Supplementary
Table S2; see Materials and Methods). The results showed that
TLS-derived breast cancer subtypes reflected significant variability
in prognosis, with Cluster 1 having the best prognosis, followed by
Cluster 2, and Cluster 3 having the worst prognosis (Figure 2B).
By comparing the expression levels of TLS-critical genes in the
three subtypes, it can be found that TLS-critical genes were
expressed at the highest level in Cluster 1, followed by Cluster 2,
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Heterogeneity of TLS-derived breast cancer subtypes. (A) Heatmap showing the consensus clustering matrix of the TCGA breast cancer cohort
based on the TLS-critical gene expression matrix. (B) KM curves showing significant differences in prognosis among the three TLS-derived subtypes.
P-value was obtained by log-rank test. (C) Violin plot showing differences in the expression of TLS-critical genes among TLS-derived subtypes. P-
values were obtained by t-test. (D) Violin plot showing the GGl of the TLS-derived subtypes, with P-value derived by t-test. (E) Violin plot showing
the stem cell signature gene activity scores of the TLS-derived subtypes. The P-value was derived by t-test. (F) Violin plot showing the distribution
of different biological characteristics in the TLS-derived subtypes, including immune score, stromal score, and tumor purity, with P-values derived
by t-test. (G) Bubble plot showing enriched gene ontology terms and KEGG pathways. (H) Circle plot showing the copy number variation of the
TLS-derived subtypes, with white indicating copy number increase and gray indicating copy number deletion.

and at the lowest level in Cluster 3 (Figure 2C), which is in line
with the results of the previous analyses: higher TLSs reflects
better prognosis. To further validate the characteristics of the
three subtypes, we introduced the genomic grade index (GGI),
which is a gene expression signature designed to enhance the
histologic grade assessment (43). It was found that Cluster 3 had
the highest GGI (Figure 2D), implying that Cluster 3 had a worse
prognosis and reduced responsiveness to immunotherapy
treatment. We also calculated the stem cell characteristic gene
activity scores of the three subtypes. Stem cell characteristic gene
activity score is strongly associated with tumor aggressiveness, risk
of recurrence and patient prognosis. Cluster 3 had the highest
score (Figure 2E), and the resulting subtype heterogeneity may
provide the basis for selecting treatment-resistant clones, leading
to poor clinical outcomes. Not only that, we further analyzed the
stromal score, tumor purity and immune score of these three
subtypes to explore the tumor microenvironment characteristics
of the three subtypes. We found that Cluster 3 had the lowest
immune scores, the stromal scores, and the highest tumor purity
(Figure 2F), implying that among the TLS-derived subtypes,
Cluster 3 had the lowest immune cell infiltration and activity,
the highest tumor cell density, and tumor invasiveness.
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To elucidate the biological functions and pathways involved in
TLS-derived subtypes, we performed differential gene expression
analysis, as well as GO and KEGG functional enrichment analysis
(Figure 2G). Cluster 1 was significantly associated with the immune
system and organisms’ response to external pathogens or other
organisms. Cluster 2 was significantly associated with protein
localization to the cell periphery, small molecule degradation, cilia
assembly, and organic acid catabolism, which play essential roles in
maintaining normal cellular function. Cluster 3 was significantly
associated with viruses replicating their genomes and the negative
regulatory processes that regulate viral genome replication, involving
key processes in viral biology (Supplementary Table S3). Further
functional enrichment analysis showed that Cluster 1 was
significantly associated with hematopoietic cell lineage, cytokine-
cytokine receptor interactions, and Th17 cell differentiation
pathways, Cluster 2 was significantly associated with lysosomal,
Hedgehog signaling and synaptic vesicle cycling pathways, and
Cluster 3 was associated with nucleoplasmic transfer pathway and
Hippo signaling pathway (Supplementary Table S4). Notably, Hippo
is a very conserved signaling pathway responsible for regulating cell
proliferation and apoptosis, and its major components are mutated
and dysregulated in a variety of cancers, promoting the development
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of malignant tumors. It has been demonstrated that transcriptional
coactivators downstream of the Hippo signaling pathway, including
YAP/TAZ, promote the proliferation of breast cancer cells by
stabilizing the KLF5 transcription factor, survival, and tumor
growth, leading to poor prognosis of breast cancer (44).

In addition, we obtained copy number variation data for the
TCGA breast cancer cohort at the GDC Xena Hub (https://
xenabrowser.net/datapages/). By looking at the copy number
variation of TLS-derived subtypes, we found that the genetic
variant profiles also exhibited significant heterogeneity. More copy
number amplifications occurred in Cluster 1&2, while more copy
number deletions occurred in Cluster 3 (Figure 2H). Specifically, on
chromosomes 1, 8, 11, 16, 17, and 20, Cluster 1&2 showed more copy
number amplification, while Cluster 3 showed only a few copy
number amplifications. Besides, on chromosomes 3, 4, 5, 6, 7, 10,
12, 19, and X, copy number amplification was observed in Cluster
1&2, whereas in Cluster 3, there was no copy number amplification
but only copy number deletion. This difference also reflects the
molecular heterogeneity within breast cancer, and these molecular
changes may lead to different characteristics and functions of tumor
cells, which affects the tumor’s treatment response and prognosis,
leading to differences in the response of different subtypes to
treatment. Therefore, this difference could be considered when
developing treatment regimens. Gene amplification is usually
associated with the overproliferative capacity of tumor cells, and for
Cluster 1&2, which has more gene amplification, inhibiting the
overproliferative capacity of tumor cells may be an effective
therapeutic strategy. On the contrary, gene deletions may lead to
reduced tumor suppressor function, and for Cluster 3 with more gene
deletions, focusing on restoring tumor suppressor function may be
another effective therapeutic strategy.

3.3 Prognostic value of TLS-derived breast
cancer subtypes

To investigate the differences in immune infiltration of TLS-
derived breast cancer subtypes, we used the CIBERSORT cell
deconvolution tool to assess the relative abundance of 22 immune
cell types in three subtypes. The results showed that Cluster 3 had
the lowest degree of immune infiltration (Figure 3A). Next, we
investigated the impact of potential interactions between cancer
signature pathways and TLS-derived subtypes on patients and
found that some pathways such as HALLMARK_UV_
RESPONSE_UP, HALLMARK_ESTROGEN_RESPONSE_
EARLY, and other signature signaling pathways had lower
activity levels in Cluster 3 (Supplementary Table S5), may be
positively correlated with survival, while HALLMARK_KRAS_
SIGNALING_UP, HALLMARK_APOPTOSIS, HALLMARK_
TNFA_SIGNALING_VIA_NFKB, and other signature signaling
pathways were more active in Cluster 3, may be negatively
correlated with survival (Figure 3B). To verify this speculation, we
selected three signature signaling pathways, HALLMARK_
ESTROGEN_RESPONSE_EARLY, HALLMARK_ESTROGEN_
RESPONSE_LATE, and HALLMARK_E2F_TARGETS, and
observed the KM curves of their OS. The results were consistent
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with our speculation that the high activity of HALLMARK_
ESTROGEN_RESPONSE_EARLY versus HALLMARK_
ESTROGEN_RESPONSE_LATE in Cluster 3 represented a better
prognosis, and HALLMARK_E2F_TARGETS in Cluster 3 High
activity, on the other hand, was associated with a worse prognosis
(Figure 3C). We further evaluated the activity of 28 immune cells
(45) in TLS-derived subtypes, and it could be seen that Cluster 1
and Cluster 2 were immunized to a better extent than Cluster 3
(Figure 3D; Supplementary Table S6). We chose Activated B cells
with low activity in Cluster 3, observed the KM curve of their OS,
and found that the lower activity of Activated B cells led to a poor
prognosis of Cluster 3 (Figure 3E). All of these results suggest that
TLS-derived breast cancer typing heterogeneity can influence breast
cancer prognosis and can be utilized as a feasible factor to predict
the prognosis. In addition, we investigated the association between
TLS-critical genes and the survival of TLS-derived subtypes and
found IL1R1 and CCL8 are protective factors (HR < 1, p < 0.05)
(Figure 3F). ILIR1 and CCL8 are implicated in the regulation of
inflammation and immune response. We next compared their
expression differences in the three subtypes and found the lowest
expression level of IL1R1 and CCL8 in Cluster 3, which may have
contributed to the poor prognosis (Figure 3G).

3.4 Prediction of TLS-derived subtypes in
external datasets using XGBoost

To develop an accurate and unsupervised clustering-
independent method for predicting TLS-derived subtypes in
breast cancer patients, we trained the XGBoost model for
predicting Cluster 1&2 and Cluster 3 subtypes based on the
breast cancer cohort of TCGA and the 12 TLS-critical genes
obtained by using Lasso regression previously (see Materials and
Methods). Our model achieved an accuracy of 0.92 in predicting the
training set of TCGA (Figure 4A). Applying our model to external
datasets of breast cancer (Metabric dataset, GSE19615, GSE20685)
and combining it with clinical information, we were able to
demonstrate that the predicted Cluster 1&2 and Cluster 3
subtypes differed significantly in prognosis (Figure 4B). The
expression pattern of TLS-critical genes is consistent with
the TCGA-BRCA cohort (Figure 4C). Furthermore, due to the
extensive attention that TLSs have received in immunotherapy in
recent years (21-23), we additionally collected a dataset of 21 triple-
negative breast cancer patients who were treated with cisplatin and
bevacizumab in a neoadjuvant setting (GSE103668), to test the
predictive value of TLS-derived subtypes. Our model divided the
cohort into two groups, Cluster 1&2 and Cluster 3, the differences in
the expression of TLS-critical genes were also consistent with the
other datasets tested (Figure 4D). Notably, while 18.8% of patients
in Cluster 1&2 achieved pathologic complete remission (pCR), no
patients in Cluster 3 achieved pCR, indicating a worse response to
the neoadjuvant setting in Cluster 3 (Figure 4E).

We next analyzed the importance of TLS-critical genes in the
XGBoost prediction model and found that CXCL13 had the highest
importance (Figure 4F; Supplementary Table S7). Combining
clinical information, we found that CXCL13 effectively predicted
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Prognostic differences in TLS-derived breast cancer subtypes. (A) Box line plot showing the differences in immune infiltration among the TLS-derived
subtypes, P-values were derived by Wilcoxon rank sum test. ns, not significant; *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001. (B) Heatmap
showing activity scores of cancer signature pathways for the TLS-derived subtypes. These pathways were obtained from the MSigDB database.

(C) KM curves showing the effect of the activity of cancer signature pathways on the prognosis of TLS-derived subtypes. P-values were obtained by
log-rank test. (D) Heatmap showing the effect of the activity of 28 immune cell genomes on the prognosis of TLS-derived subtypes. (E) KM curves
showing the effect of immune cell activity on the prognosis of patients with TLS-derived subtypes. P-values were obtained by log-rank test.

(F) Heatmap showing the effect of the expression of TLS-critical genes on the prognosis of TLS-derived subtypes. P-values were obtained by log-
rank test. (G) Violin plot showing the differences in the distribution of ILIR1 and CCL8 expression levels in TLS-derived subtypes. P-values were

obtained by t-test.

patient prognosis in the TCGA-BRCA cohort and external datasets
(Metabric dataset, GSE19615, GSE20685) (Figure 4G). Previous
studies have identified that TLS production requires continuous
chronic stimulation, its maintenance depends on some molecules,
including CXCL13 (43, 46), and increasing CXCL13 levels
promotes the formation of TLSs (47-49). These results suggest
that CXCL13 is an essential biomarker for clinical studies of
Cluster 3, which may be necessary for improving breast cancer
patients’ prognosis.
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3.5 Single-cell perspective of
TLS-derived subtypes

To further validate the significance of TLS-derived subtypes, we
applied the model to the single-cell dataset (GSE195665) from the
GEO database. We performed a detailed analysis of the single-cell
transcriptome data of 834,356 cells from 167 samples, including
steps of downsampling, quality control, batch-effects correction,
and normalization, and finally, we used XGBOOST to predict TLS
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FIGURE 4

Validating the reliability of TLS-derived subtypes in external datasets. (A) ROC curve showing the accuracy of the XGBoost classifier in predicting
specific samples in the training set. (B) Kaplan-Meier survival curves for Cluster 162 versus Cluster 3 overall survival predicted using XGBoost. P-
values were obtained by log-rank test. (C) Violin plot showing the difference in expression levels of TLS-critical genes in Cluster 162 versus Cluster 3
predicted using XGBoost. P-values were obtained from the t-test. (D) Violin plot showing the difference in expression levels of TLS-critical genes in
Cluster 182 versus Cluster 3 using XGBoost predictive immunotherapy cohorts. P-values were obtained by t-test. (E) Stacked bar graph showing the
comparison of disease treatment effects between Cluster 1&2 versus Cluster 3 in the predicted immunotherapy cohort using XGBoost. pCR = 0
indicates this sample did not achieve pCR and pCR = 1 indicates this sample achieved pCR. (F) Bar graph showing the importance ranking of 12 TLS-
critical genes (sorted by gain index) in the training set. (G) KM curves showing the effect of CXCL13 on the prognosis of breast cancer patients. The

P-value was obtained by log-rank test.

typing for 44 tumor samples (Figure 5A). By comparing Cluster1&2
and Cluster3, we observed that the differences in expression
patterns of TLS-critical genes, immune scores, and tumor purity
were all consistent with our results obtained in other datasets
(Figures 5B, C). Utilizing the genefu package to predict PAMS50
typing for tumor samples from the single-cell dataset, we noted that
samples predicted as Basal and Her2 were also predicted as Cluster
3 (Figure 5D). These findings re-emphasize the poor prognosis of
Cluster 3 and confirm the feasibility of our typing strategy from a
single-cell perspective.

We compared cellular fraction differences between Cluster 1&2
and Cluster 3, as well as between normal samples and Cluster 3.
Notably, Cluster 3 exhibited elevated fibroblasts abundance and
diminished lumhr cells abundance (Figures 5E, F). Cellchat analysis
demonstrated that, compared to Cluster 1&2, fibroblasts in Cluster
3 had significantly stronger interactions with other cells, especially
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with myeloid cells, but weaker interactions with lumhr cells
(Figure 5G; see Materials and Methods). Further analysis of
receptor and ligand genes showed that the interaction of CD46-
JAGI and IL6-(IL6R+IL6ST) was significantly enhanced in Cluster
3 (Figure 5H). We observed the expression patterns of CD46 and
JAGI in fibroblasts, pericytes, and basal cells, as well as IL6, IL6R,
and IL6ST in fibroblasts and myeloid cells. Within Cluster 3, the
expression of CD46 was significantly increased in fibroblasts, JAG1
in basal cells, IL6 in fibroblasts, and IL6R in myeloid cells
(Figures 51, J). The KM survival curves showed that CD46, JAGI,
IL6, and IL6R were all risk factors that lead to poor prognosis in
breast cancer patients (Figure 5K), which implies that the enhanced
interaction between CD46-JAG1 leads to poor prognosis in breast
cancer patients, along with the IL6-(IL6R+IL6ST) axis. Therefore,
we hypothesized that CD46 and IL6 were upregulated in fibroblasts,
with enhanced interactions with basal cells and myeloid cells,

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1364506
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Liu et al.

GSE195665

© fibroblasts

basal
beells

fumhr
lumsec
lymphatic.
myeloid

g o

5

GSE195665

(9]

Wilcoron. p = 0.0096

%

Wicoxon, p= 0016

TumorPurity

Wicoxon p = 00038

2500
2000
1500
500
o

ImmuneScore

c3

é; —

Lo fd ot o i g

ns, ™

M Cluster

i c182
Ed c3

b

beells

fibroblasts lumhr

lumsec lymphatic myeloid pericytes

teells  vascular

Proportion

| =il

.

. lympha

It s id

Cluster

Ezd Normal
Ed c3

!

basal

fibroblasts lumhr

H

TNXB - SDC4

PROST - AXL

PDGFD - PDGFRB
MPZL1 - MPZL1

MIF - (CD74+CXCR4)
MIF - (CD74+CD44)
JAMS3 - JAM3

IL6 - (IL6R+IL6ST)
IGF1 - (ITGAG+TGB4)
ICAM1 - (ITGAX+TGB2)
GAS6 - MERTK
GASE - AXL

FGF7 - FGFR1
DLK1 - NOTCH3
DLK1 - NOTCH2
CSF1 - CSFIR
CD46 - JAG1

C3- C3AR1

C3- (ITGAX+TGB2)
APP - CD74

°
.

Commun. Prob.
max

pvalue

® ooi<p<oos

o son

FIGURE 5

lumsec lymphatic myeloid pericytes tcells

vascular

c3

cis2 c3

C3VS C1&2

ja

10.3389/fimmu.2024.1364506

T-test, p=0.0051 fibroblasts

T-test,p=2.1e-05 basal cells|

L6

\j
= .

T-test,p=7.2e-10 _ fibroblasts|

T-test, p= 0028 mygloid cells|

!

c1&2

TCGA-BRCA cohort

Strata < GouwsHigh - Gow=low

Cc3

cl1&2 c3
TCGA-BRCA cohort

Strata = Grow=High = Group=Low

TCGA-BRCA cohort

Strata = Growp=Hgh - Grou=Lon

c182 Cc3
TCGA-BRCA cohort

Strata = Group=high = GroupLow

Cluster

CD46 Expression
g

]

IL6 Expression

JAGT Expression
8

g

p=00062 |

| L

T %
Time(years)

T
Time(years)

T
Time(years)

T %
Time(years)

Single-cell profiling of the immune microenvironment and TLS-derived subtypes interactions. (A) The predictive result of the breast cancer single-
cell dataset (n = 44). (B) Violin plot showing the difference in expression levels of TLS-critical genes in Cluster 162 versus Cluster 3 predicted using
XGBoost. The P-value was obtained by Wilcoxon rank sum test. (C) Violin plot showing the difference in tumor purity and immune scores of Cluster
162 versus Cluster 3 predicted using XGBoost. P-values were obtained by Wilcoxon rank sum test. (D) Sankey plot showing the association of
Cluster 182 versus Cluster 3 with PAM50 typing. (E) Grouped boxplot showing the cellular proportion of Cluster 1&2 and Cluster 3 samples. P-values
were obtained from t-tests. ns, not significant, *p < 0.05. (F) Grouped boxplot showing the cellular proportion of normal and Cluster 3 samples.
P-values were obtained from t-tests. ****p < 0.0001. (G) Interaction map depicting the ligand-receptor interactions within the immune
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compared to Cluster 1&2, while blue colored edges represent decreased signaling in Cluster 3 compared to Cluster 1&2. (H) Bubble plot showing
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Cluster 162 and Cluster 3. P-values were obtained by t-test. (3) Violin plot showing the differences in the distribution of IL6 expression levels in
fibroblasts and IL6R expression levels in myeloid cells of both Cluster 162 and Cluster 3. P-values were obtained by t-test. (K) KM curves showing

the effect of CD46, JAGL, IL6, and IL6R on the prognosis of TCGA-BRCA cohort. P-values were obtained by log-rank test.

leading to upregulation of JAG1 and IL6R expression, ultimately
contributing to the poor prognosis of Cluster 3.

4 Discussion

TLSs are increasingly recognized as a focus of anti-tumor
immunity, and it has been demonstrated that a higher number of
mature TLSs in tumors is associated with favorable outcomes in
various cancers. We explored the breast cancer microenvironment
using TLS-related genes and found the heterogeneity of TLSs in
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breast cancer, which supports our TLS-derived typing of breast
cancer. Therefore, we used consensus clustering analysis on the
TLS-critical gene expression profiles of the TCGA breast cancer
cohort and obtained three subtypes (Cluster 1, Cluster 2, and
Cluster 3), and found that the three subtypes differed significantly
in prognoses. Gene ontology annotation and pathway analysis
revealed these three subtypes were associated with different
biological processes. Calculation of the activity scores of signature
cancer signaling pathways and immune cell genomes in TLS-
derived subtypes revealed that the heterogeneity of TLS-derived
subtypes may affect prognosis and may be utilized as a viable
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predictor of prognosis. By further evaluating the degree of immune
infiltration, stromal scores, tumor purity, GGI, and copy number
variant differences of the TLS-derived subtypes, the results showed
that Cluster 3 had the lowest immune scores, stromal scores, the
highest tumor purity, and the highest GGI, which were all
consistent with its poor prognosis. In addition, we identified
many gene deletions in Cluster 3, suggesting significant
heterogeneity in the characterization of genetic variation in TLS-
derived subtypes at the genomic level. The above results suggest that
TLS-derived subtypes could provide a new strategy for current
breast cancer typing.

To validate the reliability of TLS-derived subtypes, we
developed a prediction model using XGBoost to predict Cluster
1&2 versus Cluster 3 in other externally independent datasets. The
model was evaluated to perform well in the TCGA training set
(accuracy = 0.92). In other externally independent breast cancer
cohorts, the subtypes predicted by our model showed prognostic
differences and significant gene expression differences consistent
with the expected pattern. This supports TLSs for typing studies in a
broader range of breast cancer cohorts. In addition, we found that
CXCL13 is the most critical marker gene in the Cluster 3 subtype.
As mentioned in a previous study, the process of TLS formation is
as follows: activation of local fibroblasts, recruitment of immune
cells to maturation, and activated fibroblasts in the first step
promote the recruitment and aggregation of lymphocytes through
the secretion of the pro-angiogenic factors CXCL13 and CCL19
(50), so a better prognosis can be achieved by increasing CXCL13
levels to promote TLSs formation.

Finally, we applied the model to a breast cancer single-cell
dataset. Again, the Cluster 3 subtype showed a worse prognosis,
higher tumor purity, and lower immune scores. After observing the
cellular components and intercellular communication, we
hypothesized that in Cluster3, CD46, and IL6 were upregulated in
fibroblasts, with enhanced interactions with basal cells and myeloid
cells, leading to upregulation of the expression of JAG1 and IL6R,
ultimately contributing to the poor prognosis of Cluster 3. Relevant
research has demonstrated that the inflammatory cytokines IL6/IL6R
amplify the signaling of the Notch-Jagged pathway, which stimulates
the generation of hybrid epithelial-mesenchymal cancer stem cells,
and that inhibition of CD46 gene expression reduces the eftects of
proliferation, invasion, and migration capacity of breast cancer cells.
Knockdown of the JAGI gene significantly reduced the potential for
tumor organogenesis in triple-negative breast cancer (TNBC) cells,
and JAGI-mediated adaptive resistance in Her2 breast cancer cells
led to tumor recurrence (51). Overall, these studies highlight the
critical roles of IL6 and IL6R, as well as CD46 and JAGI, in the
survival and invasive capacity of cancer cells, and their broad promise
as targets for antitumor therapies, as well as exploring the possibility
of combining them with other therapeutic agents.
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Background: Early research indicates that cancer patients are more vulnerable to
adverse outcomes and mortality when infected with severe acute respiratory
syndrome coronavirus 2 (SARS-CoV-2). Nonetheless, the specific attributes of
SARS-CoV-2 in lung Adenocarcinoma (LUAD) have not been extensively and
methodically examined.

Methods: We acquired 322 SARS-CoV-2 infection-related genes (CRGs) from
the Human Protein Atlas database. Using an integrative machine learning
approach with 10 algorithms, we developed a SARS-CoV-2 score (Cov-2S)
signature across The Cancer Genome Atlas and datasets GSE72094,
GSE68465, and GSE31210. Comprehensive multi-omics analysis, including
assessments of genetic mutations and copy number variations, was conducted
to deepen our understanding of the prognosis signature. We also analyzed the
response of different Cov-2S subgroups to immunotherapy and identified
targeted drugs for these subgroups, advancing personalized medicine
strategies. The expression of Cov-2S genes was confirmed through gRT-PCR,
with GGH emerging as a critical gene for further functional studies to elucidate its
role in LUAD.

Results: Out of 34 differentially expressed CRGs identified, 16 correlated with
overall survival. We utilized 10 machine learning algorithms, creating 101
combinations, and selected the RFS as the optimal algorithm for constructing a
Cov-2S based on the average C-index across four cohorts. This was achieved
after integrating several essential clinicopathological features and 58 established
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signatures. We observed significant differences in biological functions and
immune cell statuses within the tumor microenvironments of high and low
Cov-2S groups. Notably, patients with a lower Cov-2S showed enhanced
sensitivity to immunotherapy. We also identified five potential drugs targeting
Cov-2S. In vitro experiments revealed a significant upregulation of GGH in LUAD,
and its knockdown markedly inhibited tumor cell proliferation, migration,
and invasion.

Conclusion: Our research has pioneered the development of a consensus Cov-
2S signature by employing an innovative approach with 10 machine learning
algorithms for LUAD. Cov-2S reliably forecasts the prognosis, mirrors the tumor’s
local immune condition, and supports clinical decision-making in

tumor therapies.

KEYWORDS

lung adenocarcinoma, SARS-CoV-2, prognostic signature, machine learning,

immunotherapy

Introduction

Lung cancer (LC) ranks as the foremost cause of cancer-related
mortality globally, accounting for about 2.3 million new cases and 1.8
million deaths annually (1, 2). The outlook for patients with
metastatic cancer is very grim, as only 5% of them are expected to
survive for 5 years. The survival rate for patients with tumors
confined to the lungs varies between 33% and 60% (3). Based on
the histological categorization of LC, around 85% of LCs are non-
small-cell lung cancer (NSCLC), with the majority being lung
adenocarcinoma (LUAD) (4). The clinical outcome is closely linked
to the early identification and diagnosis, and the failure to do so often
results in missing the best chance for clinical intervention. Surgical
removal is advised for individuals diagnosed with stage I or II illness.
In the treatment of NSCLC for patients in advanced stages, targeted
therapy and immunotherapy are alternative systemic therapeutic
approaches, in addition to traditional radiotherapy and
chemotherapy. The selection of these strategies is based on the
gene mutation scenarios and the expression of programmed cell
death protein-ligand 1 (PD-L1) (5). The molecular and phenotypic
diversity of LUAD is significant, with around 60% of cases having a
driver mutation that is oncogenic. This mutation is often linked to
specific clinicopathological characteristics and can help predict the
response to treatment (6, 7). Despite advancements in genotype-
based diagnosis and therapy modalities, the survival rate continues to
be poor (8). Therefore, it is crucial to investigate new dependable
biomarkers for the early detection and prediction of prognosis, as well
as to offer prognostic markers and therapeutic objectives for LUAD.

Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-
2), a highly contagious positive-sense, single-stranded RNA virus, is
believed to have originated from a zoonotic source and quickly
transmitted among humans via respiratory droplets and physical
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contact (9). Since its emergence in late 2019, the swift worldwide
proliferation of SARS-CoV-2 infection has been termed the
Coronavirus Disease 2019 (COVID-19) pandemic. According to
epidemiological data, individuals diagnosed with cancer, especially
those undergoing anticancer therapy, have a significantly increased
susceptibility to SARS-CoV-2 infection. This heightened vulnerability
leads to a higher occurrence of severe complications and unfavorable
prognosis due to their compromised immune system (10, 11).
Furthermore, numerous symptoms may persist in numerous
COVID-19 patients even after the acute infection has been
eliminated. The impact of the COVID-19 pandemic on cancer is
closely linked to the functioning of the immune system. There is a
strong connection between viruses and cancers, as evidenced by
multiple studies. Viruses are responsible for causing over 15% of
malignancies (12). Cell transformation and carcinogenesis triggered
by viral infections, such as those caused by human papillomavirus
(HPV), hepatitis B and C viruses (HBV, HCV), Epstein-Barr virus
(EBV), and human T-lymphoma virus, are well-documented (13-
16). In a manner akin to SARS-CoV-2, SARS-CoV-1 disrupts
numerous signaling pathways linked to malignant cell
transformation (17). However, the carcinogenic potential of SARS-
CoV-2 is yet to be fully understood and warrants further
investigation. Policard et al. highlighted a range of genes influenced
by SARS-CoV-2 infection, including the E2F transcription factor and
RB1, indicating a possible role of SARS-CoV-2 in tumorigenesis. The
link between malignancies and SARS-CoV-2 infection remains
incompletely explored. Given that viruses can influence tumor
progression via specific target genes, the role of SARS-CoV-2 target
genes in cancer deserves thorough examination (18).

In this research, we provided a comprehensive overview of the
SARS-CoV-2 infection-related genes (CRGs) identified in LUAD.
Multiple machine learning algorithms were used to develop the
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SARS-CoV-2 score (Cov-2S), which is a prognostic model designed
to predict the OS of patients with LUAD. Furthermore, the Cov-2S
has the capability to assess the landscape of the tumor’s immune
micro-environment and its responsiveness to both immunotherapy
and chemotherapy. The results of our study reveal the important
regulatory functions of CRGs in the progression of LUAD and offer
potential targets for precise treatment of LUAD.

Materials and methods
Data resources

Transcriptome profiling data and patient survival details for
LUAD were sourced from The Cancer Genome Atlas (TCGA)
database to create training sets. This dataset, TCGA-LUAD,
comprised 503 cases and included clinical information, genetic
mutations, and copy number variation (CNV) data. For testing
purposes, expression profiles from the Gene Expression Omnibus
(GEO) for the following datasets were also acquired: GSE72094
(n=398), GSE68465 (n=442), and GSE31210 (n=226). All
expression data were standardized to Transcripts Per Million
(TPM) format to facilitate consistent dataset comparison. Following
that, the “sva” package was utilized to eliminate batch effects. A total
of 322 CRGs were obtained from the previous research and human
protein atlas (HPA) (https://www.proteinatlas.org/) database (19), as
shown in Supplementary Table 1.

Enrichment pathway exploration

Differential CRGs between adjacent normal and cancerous
tissues were identified using the “limma” R package, applying
criteria of an absolute fold change (FC) greater than 2 and a false
discovery rate (FDR) below 0.05. For the analysis of differentially
expressed genes (DEGs), Kyoto Encyclopedia of Genes and
Genomes (KEGG) and Gene Ontology (GO) enrichment analyses
were conducted using the R packages “clusterProfiler” and
“org.Hs.eg.db”. Gene set variation analysis (GSVA) was
performed by integrating the “h.all.v7.5.1.symbols.gmt” gene sets
from MSigDB, available at https://www.gseamsigdb.org/gsea/
msigdb/index.jsp (20). This was followed by gene set enrichment
analysis (GSEA) to identify significantly enriched signaling
pathways and biological processes among the different groups (21).

Development and evaluation of a
prognostic Cov-2S by machine learning

To develop a robust and precise prognostic signature for lung
adenocarcinoma (LUAD), potential biomarkers underwent
evaluation using ten integrative machine learning algorithms,
namely, random survival forest (RSF), elastic network (Enet),
Lasso (least absolute shrinkage and selection operator), Ridge,
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stepwise Cox, CoxBoost, partial least squares regression for Cox
(plsRcox), supervised principal components (SuperPC), generalized
boosted regression modeling (GBM), and survival support vector
machine (survival-SVM). The process for signature generation
involved several steps:

1. Prognostic biomarkers were initially identified using
univariate Cox regression in the TCGA dataset.

. Subsequently, 101 algorithm combinations were applied to
these biomarkers to create predictive models. These models
were developed using leave-one-out cross-validation
(LOOCYV) within the TCGA dataset.

. All models were then tested using three GEO datasets.

. The Harrell’s concordance index (C-index) was computed
for each model across all TCGA and GEO datasets. The
model with the highest average C-index was deemed the
most effective.

Previous studies provide more in-depth information on
comparable machine learning algorithms (22). Following this,
LUAD patients were stratified into high and low Cov-2S groups
based on the median Cov-2S score. The predictive capability of Cov-
2S was assessed with a time-dependent ROC curve, generated via the
R-package “time-ROC” (23). Additionally, both univariate and
multivariate Cox analyses were conducted to identify risk factors
among clinical characteristics and Cov-2S for LUAD prognosis.

Univariate and multivariate Cox regression analyses were
conducted to investigate the potential of Cov-2S and clinical
parameters as independent prognostic indicators for LUAD
patients. The independent prognostic indicators were integrated
into a nomogram using the R package “rms” to predict 1-, 3-, and 5-
year survival rates. Calibration plots were generated to assess the
alignment between the survival rates predicted by the nomogram
and the observed survival rates.

Unsupervised clustering analysis

The creation of the “ConsensusClusterPlus” R package enabled
the execution of an unsupervised cluster analysis on Cov-2S mRNA
expression profiles (24). The ideal number of clusters was identified
by choosing the k value that minimized the sum of squares within
each cluster, and the classification’s stability was verified through
1000 repetitions. Moreover, the high-latitude data dimension was
decreased by employing principal component analysis (PCA) from
the R package “ggplot2” to examine if the gene Cov-2S could
categorize patients into clusters.

Somatic variants analysis and copy number
variation analysis

The R package “maftools” was used to present the waterfall
plots of the top 20 genes with the highest mutation frequencies in

frontiersin.org


https://www.proteinatlas.org/
https://www.gseamsigdb.org/gsea/msigdb/index.jsp
https://www.gseamsigdb.org/gsea/msigdb/index.jsp
https://doi.org/10.3389/fimmu.2024.1366928
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Wang et al.

the mutation landscape. The calculation of the tumor mutation
burden (TMB) involves determining the overall count of non-
synonymous mutations present in every individual. The
interaction between gene mutations was determined by using
“maftools” to identify genes with significant mutations (P< 0.05)
between the different groups. Only genes that underwent mutations
exceeding 30 occurrences in at least one group were taken into
account in both analyses. The GISTIC (Genomic Identification of
Significant Targets in Cancer) 2.0 pipeline, accessible via
GenePattern at https://genepattern.broadinstitute.org/, was
employed to analyze copy number variation data. This analysis
identified significant regions of amplification and deletion, as well as
discrete copy number statuses of all genes across different Cov-2S
groups. Additionally, to assess the extent of genomic alterations,
metrics such as the fraction of genome altered (FGA), fraction of
genome gained (FGG), and fraction of genome lost (FGL) were
calculated for each sample (25). FGA was determined by calculating
the proportion of fragment base count representing genetic
variation within the genome, while FGG/FGL solely concentrated
on the acquisition or depletion of genetic variation within
the genome.

Tumor microenvironment

Various algorithms, such as TIP (tumor immunophenotype)
tracking (26), ESTIMATE (27), TIMER (28), MCP-counter (29)
and the single sample gene set enrichment analysis (ssGSEA)
algorithm (30), were utilized for TME analysis. TIP concentrated
on characterizing the immune microenvironment by referencing
the seven-step cancer-immunity cycle and deducing the
proportions of diverse tumor-infiltrating immune cells. The
ESTIMATE algorithm was employed to compute the ESTIMATE
score, immune score, and stromal score, thereby assessing the
tumor’s immune and stromal components. Additionally, the
abundance of various immune cell types infiltrating the tumor
was estimated using algorithms such as TIMER, MCP-counter, and
single-sample Gene Set Enrichment Analysis (ssGSEA).

Evaluation of immunotherapy response

The Tumor Immune Dysfunction and Exclusion (TIDE) web
tool, available at http://tide.dfci.harvard.edu, was employed to
predict immunotherapy responses across various hypoxia
subtypes of tumors (31). Additionally, the unsupervised subclass
mapping (submap) method was utilized to assess the expression
similarity between lung adenocarcinoma (LUAD) patients with
different hypoxia subtypes and those exhibiting varied outcomes
following immunotherapy. This approach posits that greater
similarity in expression profiles between patient pairs suggests
more closely aligned clinical outcomes (32). Furthermore, three
independent external datasets (GSE78220, NIHMS1611472, and
IMvigor210) were selected to investigate the correlation between the
Cov-2S score and the efficacy of immunotherapy treatments.
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Prediction of chemotherapy
drug sensitivity

Cancer cell lines (CCLs) drug sensitivity data were sourced from
the Cancer Therapeutics Response Portal (CTRP v2.0, available at
https://portals.broadinstitute.org/ctrp) and the PRISM Repurposing
dataset (PRISM, accessible at https://depmap.org/portal/prism) (2,
33). The CTRP scrutinized 481 compounds against 835 CCLs,
whereas the PRISM Repurpose initiative examined 1448
compounds across 482 CCLs. Prior to further analysis,
compounds with missing values (NAs) in over 20% of the
samples were excluded. The ISOpure algorithm was implemented
to minimize the influence of non-tumor components in the analysis
(34). Additionally, the “pRRophetic” package’s built-in ridge
regression model was employed to predict the area under the
curve (AUC) value for each compound in individual patients.
This estimation utilized a combination of the meta-set purified
expression profile and the drug sensitivity data (35).

Cell culture

Human lung adenocarcinoma cell lines A549 and H838, along
with the normal bronchial epithelial cell line BEAS-2B, were
acquired from Procell (Wuhan, China) and the American Type
Culture Collection (Manassas, VA, USA), respectively. In a
controlled environment at 37°C and 5% CO2, H838 cells were
maintained in RPMI-1640 medium supplemented with 10% fetal
bovine serum (FBS), while A549 and BEAS-2B cells were cultured
in Dulbecco’s Modified Eagle Medium (DMEM) also containing
10% FBS. Small interfering RNA (siRNA) constructs targeting GGH
were obtained from Shanghai Hanheng and introduced into A549
and HB838 cells using Lipofectamine 3000 for effective GGH
knockdown. The siRNA sequences were as follows: siRNA-NC,
5- CGGGCCATGAAACGCCCATGG-3’; siRNA1-GGH, 5-GCT
GTTTAACATGGTGATTTG-3’; siRNA2-GGH, 5-GGGACC
CACTGAGGTAGTTAA-3". After 48 hours, the effectiveness of
knockdown was assessed through immunoblotting, and the cells
were then utilized for additional experiments.

Cell proliferation assay

The viability of cells was assessed using Cell Counting Kit-8
(CCK-8) and colony formation experiments. In the CCK-8 trial,
1000 cells were planted in 96-well dishes and incubated for 24, 48,
and 72 hours. Subsequently, 10 pl of CCK-8 reagent (Saiku,
Shanghai, China) was added to each well containing 100 pl of
culture medium, and the plates were incubated at 37°C. After 2
hours, the optical density (OD) at 450 nm was measured using a
micro-plate reader. In the colony formation assay, 500 cells
subjected to treatment were plated in each well of 12-well plates.
After an incubation period of 10 days, the plates were washed twice
with phosphate-buffered saline (PBS). The cells were then fixed with
4% paraformaldehyde for 30 minutes and stained using a crystal
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violet staining solution for 10 minutes. Finally, they were stained
with a solution of crystal violet for 10 minutes.

Cell migration and invasion assay

For the wound healing experiment, 5x10/5 cells were seeded
into each well of a 6-well plate. The following day, a sterile 20 pl
pipette tip was used to create a scratch (wound) on the cell surface.
Post-wounding, non-adherent cells were washed off with
phosphate-buffered saline (PBS) and replaced with fresh serum-
free medium for a 24-hour period. The progression of wound
closure was monitored and assessed using a light microscope. For
cell migration assessment, Transwell chambers (24-well, BIOFIL,
China) were employed. The lower chamber was filled with 0.6 ml of
Dulbecco’s Modified Eagle Medium (DMEM) supplemented with
20% fetal bovine serum (FBS). Meanwhile, approximately 7x10/4
cells, resuspended in basic medium, were added to the upper
chamber and incubated overnight at 37°C in a 5% CO2
atmosphere. After 24 hours, the cells were fixed with 4%
paraformaldehyde and stained with 2.5% crystal violet for
subsequent analysis. Image] was used to randomly select and
count three microscopic views. Cell invasion assay also employed
Transwell chambers. 70 pl of diluted Matrigel was applied to the
upper chamber prior to coating. The migration was performed
without coating matrigel surface. The following procedures are
comparable to the migration process.

Cell viability assay

Cell viability was determined by CCKS8 cytotoxicity assay.
Briefly, cells were seeded in 96-well plates at 5000 cells/well and
treated with at 37°C with Ispinesib (0, 30, 60, 120 or 240 nM,
MedChem Express, Monmouth Junction, NJ, USA, Cat No.HY-
50759), Paclitaxel (0, 10, 20, 40 or 80 nM, MedChem Express,
Monmouth Junction, NJ, USA, Cat No. HY-B0015) and
Epothilone-b (0, 40, 80, 160 or 320 nM, MedChem Express,
Monmouth Junction, NJ, USA, Cat No. HY-17029) for 24 h,
respectively. Cells were incubated with CCK8 (10 ul/well) for 2h
at 37°C and then spectrophotometrically quantified at 450 nm.

Quantitative real-time PCR
and immunohistochemistry

The total RNA was extracted with RNA isolation Kit (AG,
Changsha, China) according to the product protocol. The extracted
RNA underwent reverse transcription using the Reverse
Transcription Kit (Promega, Madison, Wisconsin) to synthesize
complementary DNA (cDNA), setting the stage for quantitative
real-time PCR (qRT-PCR). The qRT-PCR analysis was performed
on the Roche 480I1 quantitative real-time gene amplification
instrument (Roche, Oregon, USA), utilizing SYBR Premix Ex Taq
IT (Promega, Wisconsin, USA). For normalization and control
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purposes, GAPDH was employed as an endogenous reference.
Relative gene expression levels were calculated and analyzed using
the 2724 method. The specific primers used in this study are
detailed in Supplementary Table 2. The LUAD tissue microarray
(HLugA020PG02) was acquired from Outdo Biotech, and its ethics
approval was obtained. The IHC procedure was performed
according to the previously mentioned protocol (36). The main
antibodies used were anti-GGH (Huaan, Hangzhou, HA721359,
1:100). In this study, the immunostaining intensity was scored using
the following scale: 0 for negative staining, 1 for light yellow
staining, 2 for brownish yellow, and 3 for tan. Additionally, the
extent of the immunostaining area was evaluated as: 1 for less than
one-third coverage, 2 for coverage between one-third and two-
thirds, and 3 for more than two-thirds coverage. The final score for
biomarker expression was determined by multiplying the
immunostaining intensity score by the immunostaining area score.

Statistical analysis

All statistical analyses in this study were conducted using R
software 4.1 and GrapdPad Prism 5. For categorical data, Chi-
square tests and Fisher’s exact tests were employed. The Wilcoxon
signed-rank test was utilized for comparing paired continuous
variables. Pearson correlation analysis was applied to assess
correlations between continuous variables. Statistical significance
levels were defined as follows: extremely significant (****) for p <
0.0001, highly significant (***) for p < 0.001, significant (**) for p <
0.01, marginally significant (*) for p < 0.05, and not significant (ns)
for p > 0.05.

Results

Transcriptional and genetic alterations of
CRGs in LUAD patients

The CRGs expression patterns between adjacent and cancerous
tissues were compared in the TCGA LUAD and identified 34
differently expressed SARS-CoV-2 infection-related genes
(DECRGs) containing 28 upregulated and 6 downregulated genes
(Figure 1A). We conducted GO and KEGG enrichment analysis for
DECRGs to determine the functions and pathways that had the
greatest level of involvement. In terms of GO analysis, the DECRGs
were mainly enriched in “protein homodimerization activity”,
“endoplasmic reticulum” and “response to hypoxia” (Figure 1B).
In the KEGG pathway, the DECRGs showed significant enrichment
in the category of “protein processing in the endoplasmic
reticulum” (Figure 1B). In order to delve deeper into the
correlation between genomic changes and expressions of
DECRGs in LUAD, the TCGA-LUAD project compiled the
genomic modifications of these genes. Analysis of somatic
mutations revealed that DECRGs mutations were present in 187
out of 616 samples (30.36%). Among these, CENPF (6%), PKP2
(5%) and ADAMTS1 (4%) exhibited the highest gene mutation
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FIGURE 1

The landscape of SARS-CoV-2 infection—related proteins (CRGs) in TCGA-LUAD set. (A) Volcano plot of the DECRGs. (B) GO categories [molecular
function (MF), biological process (BP) and cellular component (CC)] and KEGG pathway analysis for DECRGs. (C, D) The mutation summary and
details of DECRGs in the LUAD patients. (E) CNV mutation situation of the DEPCDRGs. (F) The location of CNV alterations of DECRGs

on chromosomes.

rates (Figure 1C). The predominant mutation types in these genes
are nonsense mutations (Figure 1D). The findings presented in
Figure 1E demonstrate a relatively low frequency of CNVs among
the DECRGs. Notably, genes such as TRIM59, PLOD2, PCSKe,
PABPCI1, and NPTX1 exhibited amplifications in their
copy numbers. In contrast, genes like SMOC1, REEP6, CHPF,
and F2RL1 showed deletions in their copy numbers. Figure 1F
depicts the chromosomal locations of these DECRGs in LUAD
patients. Additionally, among these DECRGs, 16 genes were
identified as having significant correlations with the prognosis of
LUAD patients.

Construction of prognostic Cov-2S by
integrative machine learning algorithms

After identifying 16 potential prognostic genes, a machine
learning-based integrative approach was employed to create a
reliable and consistent prognostic model. In total, 101 different
types of prognostic models based on machine learning were
acquired, and their C-index for both the training and testing sets
were displayed in Figure 2A and Supplementary Table 3. The RFS
framework exhibits a highest average C-index of 0.716 was
suggested as the optimal model (Figure 2A, Supplementary
Table 4). The Cov-2S was determined for every individual in all
groups by analyzing the expression levels of 10 genes included in the
model (Figures 2B, C). LUAD cases were divided into high and low
Cov-2S groups based on the median value of Cov-2S. As
anticipated, patients with low Cov-2S in LUAD exhibited a higher
OS rate in the training, testing, and meta sets (Figures 2D-H). In
addition, the discriminative ability of Cov-2S group for the
prognosis of LUAD patients is not influenced by clinical feature
subtypes (Supplementary Figure 1).
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Evaluation of the Cov-2S signature

The discrimination of Cov-2S was assessed using Time-ROC
analysis, yielding AUC values ranging from 0.94 to 0.98 in TCGA,
0.68 to 0.78 in GSE31210, 0.61 to 0.72 in GSE98465, 0.65 to 0.68 in
GSE72094, and 0.72 to 0.9 in the meta-set (Figures 3A-E). Similar to
the Time-ROC curve results, the C-index range for all sets is 0.62-
0.93, with the TCGA set having the highest C-index (Figure 3F). The
Chi-square test results indicated that individuals with advanced T, N,
M stages and deceased status exhibited elevated Cov-2S levels
(Supplementary Figure 2). Additionally, the prognostic prediction
of Cov-2S was compared with other clinical and molecular variables.
As displayed in Figures 3G-]J, Cov-2S had distinctly superior accuracy
than almost all clinicopathological measures including M, T, T,
gender, M and TP53, KRAS, or EGFR mutations. In order to
investigate if Cov-2S functioned as a standalone prognostic
indicator, univariate and multivariate cox analyses were conducted
by including various clinicopathological traits and Cov-2S. The
results suggested the Cov-2S as a reliable prognostic indicator for
LUAD patients independently (Tables 1-4). Incorporating
independent predictors into the nomogram construction, we
observed that Cov-2S exerted the most significant influence on
survival prediction (Supplementary Figures 3A-D). Evaluation of
the prediction accuracy of the model using calibration curves
revealed close alignment between the predicted calibration
curves at the 1-, 3-, and 5-year calibration points and the standard
curve (Supplementary Figures 3E-H). Numerous predictive patterns
have been developed for LUAD. In order to assess the predictive
efficacy of Cov-2S in relation to other prognostic indicators, a random
selection of 58 constructed prognostic indicators for LUAD were
gathered and their C-index was computed. As shown in Figure 4, the
C-index of our Cov-2S exceeded that of the majority of these
prognostic signatures across all analyzed datasets.
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FIGURE 2

A SARS-CoV-2 score (Cov-2S) was established and validated via the machine learning-based integrative procedure. (A) A total of 101 kinds of
machine learning algorithms were used to obtain the optimal model and calculated the C-index of each model for all sets. (B, C) The number of
trees for determining the Cov-2S with minimal error and the importance of the 10 CRGs based on the RSF algorithm. (D-H) Kaplan—Meier curves of
OS according to the Cov-2S in TCGA, GSE31210, GSE68465, GSE72094 and meta-set.

Generation of Cov-2S
modification patterns

In order to gain a deeper understanding of the impacts of Cov-
2S on LUAD, a consensus clustering analysis was conducted to
categorize LUAD patients based on various alteration patterns. The
heatmap of the consensus matrices and cumulative distribution
function (CDF) curve (Supplementary Figure 4) identified that
there were two clusters (cluster A, cluster B and cluster C) which
were considered optimal. The PCA analysis confirmed a strong
distribution between different groups based on the expression
profiles of the Cov-2S (Figure 5A). Significantly, the analysis of
survival demonstrated a significant difference in survival rates
between the three clusters, where cluster A showed a more
positive outcome and cluster B had a poorer prognosis
(Figure 5B). Figure 5C illustrates the proportion of surviving and
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dying patients in three cluster and two Cov-2S groups. In cluster A,
GSVA revealed prominent activation of various metabolic
biological processes, while cluster B and cluster C were markedly
enriched in various cell proliferation pathways (Figures 5D-F).
Moreover, the ssGSEA method detected obvious disparities in the
immune scores of the three distinct clusters (Figure 5G).

Somatic mutation and CNV status between
the different groups

Our analyses suggested a specific somatic mutation distribution
among two Cov-2S groups. As shown in Figures 6A, B, TP53, TTN,
MUCI16, CSMD3, RYR2, and LRP1B were commonly mutated in
both the high and low Cov-2S groups. Somatic mutation profiles
indicated that synonymous and non-synonymous mutations, as
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FIGURE 3

Evaluation of the Cov-2S. (A-E) Time-dependent receiver operating characteristic curve of Cov-2S for predicting the prognosis of LUAD patients from
TCGA, GSE31210, GSE68465, GSE72094 and meta-set. (F) The C-index of the Cov-2S for the TCGA, GSE31210, GSE68465, GSE72094 sets. (G-J) The C-
index of the Cov-2S and other clinical factors in the TCGA, GSE31210, GSE68465, GSE72094 sets. ns, not significant. *P < 0.05, **P < 0.01, ***P < 0.001.

well as overall mutation counts, did not display any noteworthy
variances between the high and low Cov-2S groups. However, 8
genes demonstrated significantly distinct mutation frequencies
between the two groups, along with a notable presence of co-
mutations (Figures 6C-G). Moreover, there was no statistically
different variation in TMB between the high and low Cov-2S

groups (Figure 6H). Additionally, the study revealed the
correlation between TMB, Cov-2S, and prognosis, indicating that
patients with low TMB and high Cov-2S experience the most
unfavorable prognosis (Figure 6I). Following that, CNV analysis
revealed distinct chromosomal alteration patterns between the high
and low Cov-2S groups (Figure 6]). Regrettably, there were no

TABLE 1 Univariate and multivariate Cox analysis of the clinicopathological features and Cov-2S with OS for TCGA cohort.

Univariate Cox

Characteristics HR(95%CI)

Multivariate Cox

P value

HR(95%Cl)

Stage 1.977(1.586-2.463) < 0.001 1.487(1.049-2.109) 0.026
N 1.942(1.575-2.394) < 0.001 1.251(0.93-1.681) 0.139
T 1.816(1.386-2.38) < 0.001 1.423(1.034-1.958) 0.03
Age 1.038(0.822-1.31) 0.754 NA NA
Sex 1.041(0.847-1.28) 0.7 NA NA

M 1.727(1.18-2.527) 0.005 0.756(0.479-1.191) 0.227
Cov-2S 0.106(0.075-0.149) < 0.001 0.127(0.086-0.187) < 0.001

Significant value is given in bold.
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TABLE 2 Univariate and multivariate Cox analysis of the clinicopathological features and Cov-2S with OS for GSE68465 cohort.

Univariate Cox

Multivariate Cox

Characteristics HR(95%Cl) P value HR(95%Cl) P value
N 2.029(1.689-2.438) < 0.001 1.947(1.603-2.366) < 0.001

T 2.062(1.587-2.68) <0.001 1.797(1.36-2.374) <0.001
Gender 1.262(1.051-1.516) 0.013 1.267(1.044-1.539) 0.017
chemotherapy 1.412(1.15-1.734) < 0.001 1.246(1.004-1.545) 0.046
Cov-28 0.728(0.607-0.875) < 0.001 0.784(0.648-0.948) 0.012

Significant value is given in bold.

statistical difference in genomic loss, gain, and alteration between
the two Cov-2S groups (Figure 6K).

TME and molecular characteristics of the
Cov-2S

The immune condition of the TME impacts the outcome of
cancer cells and anticipates responsiveness to immune checkpoint
inhibitors (ICIs). Initially, we examined the correlation between
Cov-2S and the infiltration of immune cells. As depicted in the
illustration, the majority of individuals in the low Cov-2S group
exhibited an elevated quantity of immune infiltrating cells
(Figure 7A). Analyzing the correlation between the Cov-2S
signature and the functions of the anticancer immunity cycles
helps in understanding the status of anticancer immunity.
Patients in the low Cov-2S group exhibited marked upregulation
of various processes, including priming, activation, recruitment of
CD4 T cells, and infiltration of immune cells into the tumor
(Figure 7B). The findings indicated that patients with a low Cov-
28 displayed a comparatively elevated expression of the majority of
immune checkpoint genes (Figure 7C). Moreover, the Cov-2S
exhibited a positive correlation with pathways associated with
immunotherapy response and various metabolic pathways, such
as the IFN-y signature, DNA repair, nicotinamide adenine
metabolism, and biotin metabolism (Figure 7D). GSVA was
conducted to explore the underlying cancer mechanism of the
Cov-2S.The findings indicated that individuals with elevated Cov-
2S levels exhibited an abundance of pathways associated with
cancer, including the EMT, proliferation, metabolites, and DNA

repair (Figure 7E). Interestingly, these pathway results were
confirmed in the GSEA analysis (Figures 7F-I).

Sensitivity prediction of different groups to
immunotherapy and chemotherapy

The treatment of LUAD has demonstrated a promising
potential for the application of immunotherapy. Through TIDE
and submap analysis, we assessed the immunotherapy response of
two Cov-2S groups. The results showed that individuals with low
Cov-2S have a decreased TIDE score, suggesting that these patients
are more prone to receiving advantages from immunotherapy
(Figure 8A). Furthermore, the Submap analysis module revealed
that patients with low Cov-2S exhibit similarities to melanoma
patients who responded favorably to anti-PD-1 treatment
(Figure 8B). Given the potential of Cov-2S to accurately forecast
the efficacy of immunotherapy for LUAD, we aim to investigate its
ability to predict the response to ICIs in groups of patients
undergoing immunotherapy. In the IMvigor210 dataset, survival
analysis revealed that a high Cov-2S score was associated with a
poorer prognosis compared to a low Cov-2S score (Figure 8C).
Additionally, the complete response/partial response (CR/PR)
group exhibited a lower levels of Cov-2S than the stable disease/
progressive disease (SD/PD) group, as demonstrated in Figure 8D.
In the GSE78220 and NIHMS1611472 cohorts, we also discovered
that decreased Cov-2S is associated to positive response to ICIs
treatment (Figures 8E, F). Overall, these findings suggest that Cov-
2S may be linked to immunotherapy response. To identify
potential drugs with the desired properties, we conducted drug

TABLE 3 Univariate and multivariate Cox analysis of the clinicopathological features and Cov-2S with OS for GSE31210 cohort.

Univariate Cox

Multivariate Cox

Characteristics HR(95%Cl) HR(95%Cl)

smoking 1.417(0.882-2.277) 0.15 NA NA
gender 1.344(0.839-2.152) 0219 NA NA
age 1.263(0.777-2.052) 0.346 NA NA
stage 2.774(1.732-4.441) < 0.001 2.015(1.233-3.293) 0.005
Cov-28 0.286(0.153-0.532) < 0.001 0.356(0.186-0.682) 0.002

Significant value is given in bold.
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TABLE 4 Univariate and multivariate Cox analysis of the clinicopathological features and Cov-2S with OS for GSE72094 cohort.

Univariate Cox Multivariate Cox
Characteristics HR(95%CI) HR(95%Cl) P value
STK11 1.028(0.72-1.469) 0.879 NA NA
KRAS 0.767(0.588-0.999) 0.049 0.907(0.69-1.192) 0.484
Age 1.258(0.836-1.894) 027 NA NA
Gender 0.733(0.564-0.952) 0.02 0.725(0.553-0.95) 0.02
Stage 1.969(1.477-2.625) <0.001 1.921(1.43-2.58) <0.001
Smoking 1.248(0.694-2.245) 0.459 NA NA
TP53 0.861(0.645-1.151) 0313 NA NA
EGFR 2.58(1.274-5.226) 0.008 2.147(1.047-4.4) 0.037
Cov-28 0.575(0.438-0.755) <0.001 0.64(0.483-0.847) 0.002

Significant value is given in bold.

response prediction separately using drug response data derived  Predictive efﬁcacy of Cov-2S from a

from CTRP and PRISM. CTRP and PRISM datasets encompass pan-cancer perspective

gene expression profiles and drug sensitivity profiles of numerous

CCLs, offering a foundation for constructing drug response To assess the generalizability of Cov-2S application in different
prediction models. A subset of 160 compounds was common to  solid tumors, we constructed Cov-2S in the TCGA pan-cancer set
both datasets, resulting in a cumulative count of 1770 unique and evaluated the distribution and predictive efficacy of Cov-2S.
compounds across the combined datasets after eliminating  Our results showed a significant distribution of Cov-2S in most
redundancies (Figures 9A, B). During the cross-validation of the  solid tumors, with the highest evaluated Cov-2S being in rectum
two pharmacogenomics databases, we identified four drugs or  adenocarcinoma and testicular germ cell tumors (Figure 10A). In
compounds (paclitaxel, SB-743921, cabazitaxel, epothilone-b, and  addition, Cov-2S can be a significant risk factor for glioma, ovarian
ispinesib) that show promising therapeutic potential for patients  cancer, cervical squamous epithelial cell cancer, pancreatic cancer,
with high Cov-2S. These drugs have lower estimated AUC values  colon cancer, bladder cancer, uterine carcinosarcoma, sarcoma,
and exhibit a negative correlation with Cov-2S, as depicted in  thyroid carcinoma and uveal melanoma (Figure 10A). Finally, we

Figures 9C, D. evaluated the differential expression of Cov-2S in tumor tissues in
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different organs. Cov-2S exhibits significant elevation in organs
such as the esophagus, stomach, colon, gallbladder, and uterus in
female cancer patients; while Cov-2S exhibits significant elevation
in organs such as the lungs, esophagus, stomach, colon, gallbladder,
and testes in male cancer patients (Figure 10B).

GGH in LUAD progression

In order to examine the function of Cov-2S in cellular processes,
we performed a comparative analysis of relative expression. The
expression levels of CENPF, F2RL1, GGH, HOOK1 and PK92 were
significantly elevated in LUAD cell lines by qRT-PCR experiment,
while FBLN5, PCSK6 were significantly depressed in in LUAD cell
lines (Figure 11A). THC experiments further validated the high
expression of GGH protein in LUAD tissues (Figures 11B, C). Given
that GGH exhibits the most prominent upregulation in LUAD cells,
and there is a lack of prior research on its involvement in LUAD, we
have opted to investigate GGH in subsequent experiments. Successful
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GGH knockdown were detected by qRT-PCR (Figure 12A). The CCK-
8 test showed a markedly diminished in cellular growth capacity after
transfection with GGH siRNA (Figure 12B). Transfection with GGH
siRNA resulted in a significant reduction in the number of colonies
formed, as demonstrated by the clonogenic assay (Figure 12C). The
results suggest that GGH can inhibit the growth of cells in LUAD. The
wound healing assay results, as shown in Figure 12D, demonstrated a
reduced wound healing capability in LUAD cells following the
silencing of GGH. The outcomes of transwell migration and invasion
assays, depicted in Figure 12E, further indicated a decline in the
migration and invasion abilities of the cells upon GGH silencing.
Moreover, downregulation of GGH enhances the susceptibility of
LUAD cells to ispinesib and epothilone-b (Supplementary Figure 5).

Discussion

Cancer remains a leading cause of mortality worldwide (37).
The prevalence and death rate of LC have been steadily rising
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Integrated comparisons of somatic mutation and CNVs between high and low Cov-2S groups in the TCGA set. (A, B) Waterfall plots showing the
mutation information of the top 20 genes with the highest mutation frequency in the Cov-2S groups. (C-E) Association between all mutation
counts, synonymous mutation counts, nonsynonymous mutation counts, and Cov-2S and their distribution in the Cov-2S groups. (F) Differentially
mutated genes between high and low Cov-2S groups are displayed as a forest plot. (G) Interaction effect of genes mutating differentially in patients
in the Cov-2S groups. (H) Distribution of TMB in the Cov-2S groups. (I) Kaplan—Meier curves for patients stratified by both TMB and Cov-2S.

(J) Gene fragments profiles with amplification (red) and deletion (green) among the Cov-2S groups. (K) Comparison of the fraction of the genome
altered, lost, and gained between the Cov-2S groups. ns, not significant. * P < 0.05.

annually (38). LUAD is the primary form of lung cancer, and its
occurrence continues to be significant (3). The traditional TNM
staging system, although fundamental in cancer diagnosis and
management, exhibits considerable limitations in precisely
assessing patient prognosis and informing treatment choices. This
underscores the necessity for the discovery and implementation of
new predictive tools to improve accuracy in prognosis and tailor
treatment strategies more effectively (4). The COVID-19 outbreak is
evolving into a significant worldwide issue concerning public
health. New research indicates that CRGs may have crucial
functions in viral infection, and they are also involved in the
progression of numerous types of cancer. In LC cells, the study
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conducted by Kim et al. revealed that the suppression of MUC1-C
signaling leads to a decrease in the levels of proteins associated with
cell growth and an increase in the levels of proteins associated with
cell death following SARS-CoV-2 infection (39). Additionally, a
different study indicates that individuals with increased levels of
ACE2, TMPRSS2, TLR1, TLR2, and TLR6 in LC are at a higher risk
of contracting SARS CoV-2. This can result in a more severe SARS-
CoV-2 infection and further contribute to the progression of cancer
by activating NF-xB through TLR2 (40). The researches offer
valuable starting points for further investigating the connection
between COVID-19 and LUAD. This also motivated us to conduct
additional bioinformatics analyses and study LUAD samples in
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order to gain a deeper understanding of the biological traits and
clinical importance of CRGs in LUAD, as well as their potential
relevance for LAUD treatments.

In this study, we aim to analyze the complete CRGs as
comprehensively as possible. Therefore, we identified 34 DECRGs
after collecting 322 CRGs from the HPA database, and subsequently
found extensive genomic alterations in these DECRGs through
multi-omics data analysis. Univariate cox analysis was conducted
using these genes to identify potential prognostic CRGs for LUAD.
Subsequently, we incorporated prognostic DECRGs into building a
prognostic model for forecasting patient outcomes and performing
a patient classification analysis. Based on the prognostic DECRGs
expression profile of the TCGA training set, a total of 101
combinations were generated using 10 different machine learning
algorithms. Additional assessment in three GEO testing sets

>

Cov-2S (Cox)-~TCGA pancancer

demonstrated that the Cov-2S, which was the most suitable
model, consisted of the combination of RFS. The Cov-2S
demonstrated satisfactory performance in predicting OS in both
TCGA and GEO datasets. The Cov-2S demonstrated superior
clinical application potential compared to other clinical variables,
as indicated by higher values of ROC AUC and C-index in various
datasets. Interestingly, compared to the vast majority of previously
reported prediction models, the predictive performance of Cov-2S
remains superior. Additionally, additional examination indicated
that Cov-2S acts as a separate determinant of the OS of patients with
LUAD. Then, the median Cov-2S was utilized to classify both
groups of participants into high and low Cov-2S groups. In both
the TCGA training and GEO testing sets, it was observed that
individuals with low Cov-2S had a longer survival time, suggesting
that Cov-2S could serve as an unfavorable prognostic indicator.
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“Hot” and “cold” tumors are an informal concept that
represents the immunogenicity of tumors, with the former
showing a high infiltration rate (41). On the contrary, “cold”
tumors are distinguished by the absence or limited occurrence of
lymphocytes in the TME, leading to a lack of response to ICIs
therapy (42). Hence, recent research has focused on the potential
and reality of transforming cold tumors into hot tumors, revealing
the fluctuating alterations in the TME, with the aim of improving
the effectiveness of ICIs treatment (43). Significantly, individuals
with low Cov-2S exhibited elevated stromal and immune scores,
along with reduced tumor purity in comparison to those with high
Cov-2S. The interaction between immune cells and tumors was
highly intricate, with distinct immune cells performing diverse
functions. According to recent research, it has been demonstrated
that Th2 cells possess the ability to promote tumors in LC and even
in primary NSCLC tumors in humans (44). Current evidence
indicates that B cells infiltrating tumors are involved in nearly
every phase of LC (45). Cytotoxic cells, known as CD8+ T cells,
stimulate antitumor responses by generating IFN-gamma (46). In
line with the aforementioned discoveries, we observed that the low
Cov-2S group exhibited increased levels of B cells and CD8+ T cells,
as well as decreased levels of Th2 cells. These findings provide some
insight into the improved OS of LUAD patients in the low Cov-2S
group. Furthermore, the levels of immune checkpoints expression

Frontiers in Immunology

and the activities of the anti-tumor immunity cycles were notably
increased in the low Cov-2S group. Several hallmarks associated
with cancer, such as cell growth, genetic mending, and oxygen
deprivation, exhibited greater activity in the high Cov-2S group.
Further, this study found that the Cov-2S correlated with many
immune-related and metabolic pathways. The collected evidence
suggests that Cov-2S potentially plays a role in the progression of
LUAD through the regulation of tumor immunity and metabolism.
Additionally, patients with low Cov-2S exhibit signs of immune
activity within the TME.

Earlier research suggested the comparison of tumors to “hot”
and “cold” to explain their responsiveness to immunotherapy (41,
47). Tumors in this category, which have high TME scores, may be
better suited for immunotherapy due to their increased presence of
activated immunocytes and cells associated with inflammation.
Hence, we hypothesized that individuals belonging to the low
Cov-2S category might exhibit heightened responsiveness to
immunotherapy, leading to extended periods of survival. In order
to confirm our hypothesis, we will now examine how Cov-2S
performs in terms of prognosis and its response to
immunotherapy across different algorithms and datasets that have
been treated with ICIs. TIDE has the potential to forecast the result
of cancer patients who undergo treatment with initial anti-PD1 or
anti-CTLA4 medications (31, 48). A higher TIDE score suggested a
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GGH promoted proliferation, migration, invasion and inhibited apoptosis of LUAD cell lines. (A, B) Knockdown of GGH was confirmed by gRT-PCR
(C, D) CCK8 and clone formation assays were performed to assess cell viability and proliferation of A549 and H838 cells. (E) Transwell assay was
performed to assess cell migration and invasion of A549 and H838 cells. **P < 0.01, ***P < 0.001.

more favorable reaction to immunotherapy. The algorithm is
utilized to assess the similarity in gene expression patterns
between patients in distinct molecular subtypes and those with
metastatic melanoma who received ICIs, facilitating submap
analysis (32). The results of submap and TIDE analysis suggested
that low Cov-2S was more promising for PD1 and CTLA4
treatment. The Cov-2S exhibited a significant decrease in patients
who responded, as observed in the GSE78220, NTHMS1611472, and
IMvigor210 datasets, in comparison to patients who did not
respond. The performance of Cov-2S in prognosis and predicting
immunotherapeutic response was indicated by all these indicators.
Since chemotherapy is considered a crucial treatment for LUAD,
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we additionally examined the IC50 value of typical medications
for each LUAD patients. Consequently, LUAD patients with high
Cov-2S exhibited lower IC50 values for paclitaxel, SB-743921,
ispinesib, epothilone-b, and cabazitaxel, indicating a potential
higher susceptibility to chemotherapy in these individuals. Hence,
implementing various approaches could enhance the clinical
result for individuals. For example, tumors that were considered
“hot” were advised to undergo therapy specifically targeting T-cells
(49, 50). The sensitivity of “cold” tumors can be improved by
combining chemotherapy with T cell enhancement or stimulatory
signals (51). Considering the TME score when selecting LUAD
treatment could enhance the survival outcome of patients.
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In our research, we developed a Cov-2S signature composed of 10
CRGs, which emerged as a promising prognostic predictor for
LUAD. Notably, the majority of these genes have been previously
reported to be involved in the onset and progression of LC,
underscoring their relevance in the disease’s pathology. PKP2 is a
member of the plaque-bound plakophilins family and is extensively
present in epithelial cells (52). PKP2 is overexpressed in LUAD
tissues and its high expression correlates with poor outcome of
patients. PKP2 overexpression enhances proliferation and invasion
of LUAD cells, and this effect is potentiated by EGFR activation (53).
Cheng et al. discovered that inhibiting PKP2 methylation reduces its
binding affinity to B-catenin, thereby overcoming the radioresistance
in LUAD cells (54). CENPF functions as a component of the
centromere-kinetochore complex and as an element of the nuclear
matrix during G2 phase of interphase (55). CENPF was
overexpressed in LUAD tissues and cell lines (56). The progression
of LUAD is influenced by both CENPF and ERB2/5, and inhibiting
the expression of ER2/5 can impede the advancement of LUAD
through the knockdown of CENPF (57). CHPF, a 775 amino acid
type II transmembrane protein belonging to the chondroitin synthase
family, was found overexpressed in LC tissues, correlating with
reduced OS (58). In vitro experiments revealed that CHPF
stimulated the proliferation, migration, and invasion of LC cells, as
well as induced tumorigenesis in vivo (59). FKBP10, an endoplasmic
reticulum chaperone with four PPlase domains, exhibits an
expression inversely related to the survival of LC patients (60).
Through its PPlase activity, FKBP10 mechanistically enhances both
cancer growth and stemness. Also, FKBP10 is involved in interactions
with ribosomes. The downregulation of FKBP10 has been shown to
lead to a reduction in translation elongation, particularly at the start
of open reading frames (61). FBLN5, a newly discovered member of
the fibulin family, has the ability to inhibit angiogenesis in a manner
that relies on the presence of RGD (62). Activation of the ERK
pathway induces MMP-7 expression, facilitating LC invasion and
metastasis, by promoting epigenetic suppression of FBLN5 (63).
F2RLI belongs to the extensively researched G protein-coupled
receptor family, recognized as significant targets in drug
development (64). The inhibition of F2RL1 significantly increased
the effectiveness of gefitinib in regulating EGFR transactivation, cell
survival, movement, and programmed cell death in LC cells (65).
Moreover, inhibiting F2RL1 could restrict ERK-induced epithelial-
mesenchymal transition (EMT) and immune checkpoints, thereby
reducing EGFR transactivation and reactivating osimertinib (66). We
conducted qRT-PCR to evaluate the expression of 10 CRGs in LUAD
cells, ultimately selecting GGH for experimental validation due to its
markedly differential expression and lack of prior reporting in LUAD.
THC assay further confirmed high expression of GGH protein in
LUAD tissues. The functional trials revealed that the robust
inhibition of LUAD cell growth, proliferation, migration, and
invasion was observed when siRNA induced GGH silencing,
indicating a potential oncogenic function of GGH in LUAD.

Apart from the encouraging results of this work, we were also
aware of the limitations of the present study. Although our
research has the merit of using large cohorts from multiple
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databases for the generation and verification of the Cov-2S, the
present study is still retrospective in nature. There is a need for a
prospective set study to further validate the utility of the Cov-2S.
We conducted preliminary validation of the expression levels and
biological functions of key genes in the Cov-2S only in LUAD cells
and tissues, further validation in clinical samples and further

mechanistic investigation are needed.

Conclusion

In conclusion, the Cov-2S identified in this research is an
innovative prognostic indicator that reveals fresh targets for
therapy and new theoretical principles for assessing the prognosis
and personalized treatment of LUAD. Furthermore, our
experiments validated that GGH functioned as a cancer-causing
gene that could potentially enhance the advancement of LUAD.
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Single-cell RNA-seq reveals

T cell exhaustion and immune
response landscape

in osteosarcoma
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Background: T cell exhaustion in the tumor microenvironment has been
demonstrated as a substantial contributor to tumor immunosuppression and
progression. However, the correlation between T cell exhaustion and
osteosarcoma (OS) remains unclear.

Methods: In our present study, single-cell RNA-seq data for OS from the GEO
database was analysed to identify CD8+ T cells and discern CD8+ T cell subsets
objectively. Subgroup differentiation trajectory was then used to pinpoint genes
altered in response to T cell exhaustion. Subsequently, six machine learning
algorithms were applied to develop a prognostic model linked with T cell
exhaustion. This model was subsequently validated in the TARGETs and Meta
cohorts. Finally, we examined disparities in immune cell infiltration, immune
checkpoints, immune-related pathways, and the efficacy of immunotherapy
between high and low TEX score groups.

Results: The findings unveiled differential exhaustion in CD8+ T cells within the
OS microenvironment. Three genes related to T cell exhaustion (RAD23A,
SAC3D1, PSIP1) were identified and employed to formulate a T cell exhaustion
model. This model exhibited robust predictive capabilities for OS prognosis, with
patients in the low TEX score group demonstrating a more favorable prognosis,
increased immune cell infiltration, and heightened responsiveness to treatment
compared to those in the high TEX score group.

Conclusion: In summary, our research elucidates the role of T cell exhaustion in
the immunotherapy and progression of OS, the prognostic model constructed
based on T cell exhaustion-related genes holds promise as a potential method
for prognostication in the management and treatment of OS patients.

KEYWORDS

osteosarcoma, T cell exhaustion, tumor immune microenvironment, prognosis,
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1 Introduction

Osteosarcoma (OS) is the most prevalent aggressive bone tumor
occurring in children and adolescents, constituting the majority of
all bone tumor cases (1). The conventional approach to OS entails a
blend of surgery and rigorous multi-agent chemotherapy. However,
the prognosis for OS patients remains exceedingly grim, primarily
attributed to delayed diagnosis and early-stage distant metastasis
(2). Therefore, it is crucial to explore innovative and efficacious
therapies aimed at enhancing the prognosis of OS patients.

Immunotherapy holds significant promise in the treatment of
malignant tumors in humans, numerous recent studies have
highlighted its considerable potential in tumor therapy, with
preclinical trials providing robust support (3). Immune checkpoint
inhibitors (ICIs) exhibit considerable potential for immunotherapy in
OS. They can navigate the genomic complexity of OS, leading to
enhanced overall outcomes (4). Although immunotherapy for OS has
demonstrated promising therapeutic effects in some studies, it has yet
to substantially improve patient prognosis (5, 6). In clinical trials of
OS, the response to ICIs has not been favorable and trial results are
not yet satisfactory (7). This may be attributed to the immune
microenvironment in OS, which suppresses T cell function (8).
Immune cells constitute the cellular foundation of immunotherapy,
of which CD8" T cells serving as a pivotal component of cancer
immunotherapy (9). Activated CD8" T cells mature into cytotoxic T
lymphocytes (CTLs) and represent a key component of the immune
system’s antitumor response, CTLs are associated with increased
survival rates in various types of cancer and play a crucial role in
immune surveillance, targeting and eliminating cancer cells (10). The
optimal approach for achieving tumor eradication will likely entail a
combination of therapies that promote immune activation and T cell
initiation, counteract immunosuppressive signals in the tumor
microenvironment, and sustain the presence of T cells in
cancerous tissue.

T cell exhaustion entails a progressive, hierarchical, and
negatively regulatory process affecting T cells within the tumor
microenvironment (11). Classical inhibitors targeting PD-1 and
CTLA-4 largely exert their anti-tumor effects by mitigating
functional exhaustion (12). However, the precise underlying
mechanisms of these inhibitors necessitate further investigation.
The recent advancement of biomarkers unveiled potential
molecular regulatory targets for CD8" T cells in the intricate
tumor heterogeneity of OS. Moreover, the potential correlation
between alterations in exhaustion expression profiles and immune
checkpoints has presented avenues for research (13).

In this study, we aim to delve into potential molecular regulatory
targets and core regulatory genes associated with T cell exhaustion in
the intricate tumor heterogeneity of OS. We developed a multi-
biomarker model based on genes linked to T cell exhaustion, which
functions in evaluating the tumor microenvironment, predicting
immunotherapy response, and forecasting the prognosis of diverse
OS patients. It has great potential to play a vital role in guiding clinical
practice in the future.
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2 Methods
2.1 Obtaining the raw data

The single-cell sequencing data (GSE162454), along with
microarray data (GSE16091 and GSE21257) pertaining to OS,
were acquired from the GEO database (http://www.ncbi.
nlm.nih.gov/geo). Additionally, data from 84 distinct OS patients’
samples were retrieved from the TARGETSs database. All datasets
were accompanied by clinical and prognostic information, which
was employed for subsequent analyses.

2.2 Data processing of single-cell
RNA sequence

Data analysis and quality assessment were conducted using the
R package “Seurat” (version 4.3.0; http://satijalab.org/seurat/). Cells
with expression of fewer than 250 genes or with a percentage of
mitochondrial genes exceeding 20% of the total expressed genes
were excluded from the analysis. Additionally, cells with unique
molecular identifiers (UMI) resulting in logl0(UMI) > 0.80 were
also removed. Subsequently, potential doublets were identified and
eliminated using the R package “DoubletDecon” (version 1.1.6;
http://EDePasquale/DoubletDecon).

2.3 Data integration and
dimensionality reduction

The feature counts for each cell underwent a transformation,
involving division by the total counts for that cell, followed by
multiplication by 10,000. Subsequently, the results were
logarithmically transformed and then normalized by adding 1,
thus preventing the computation of the logarithm of 0. Before
proceeding with the normalization of the expression matrix, the top
2000 highly variable genes (HVGs) were identified, centered, and
scaled. Subsequent to this, a principal component analysis (PCA)
was conducted based on these HVGs. Following that, the R package
“Harmony” (https://github.com/immunogenomics/Harmony) was
employed to integrate the cellular data from six samples and
mitigate any potential batch effects.

2.4 Cell-clustering and annotation

The clustering analysis relied on the embedding of the Harmony
algorithm, executed through the “FindNeighbors” and “FindClusters”
functions within the “Seurat” package. The resulting clusters were
visualized on a two-dimensional plot generated via the UMAP
method. For subcluster analysis, akin procedures were applied,
encompassing variable gene identification, dimensionality
reduction, Harmony for cell integration, and cluster identification
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for the distinct clusters derived from the overall analysis. The
annotation of clusters was performed using established cellular
markers drawn from the literature. Detailed information regarding
the cellular markers can be found in the Supplementary Tables.

2.5 Identification and analysis of CD8" T
cell subtypes

CD8" T cells were isolated and subsequently re-clustered using
the “Seurat” package in R. Single-cell pseudotime trajectories were
constructed employing the “Monocle2” package in R. Following
this, a weighted correlation network analysis (WGCNA) was
conducted to identify the core gene sets within CD8" T cellular
clusters using the “hdWGCNA” package in R. To explore
intercellular communication between all cell clusters, the R
package “Cellchat” was utilized. The levels of immune checkpoint
molecules between clusters were assessed based on the immune
checkpoint expression profile. Differential functional status
regarding Gene Ontology (GO) and KEGG pathways for each
CD8" T cell cluster were analyzed using the “ClusterProfiler” R
package. Additionally, the GSEA pathways obtained from MSigDB
(gsea-msigdb.org) were evaluated using the “fgsea” R package.
Furthermore, differences in HALLMARK pathways between the
clusters were determined through gene set variation analysis
(GSVA) using the “GSVA” R package.

2.6 Construction and validation of the T
cell exhaustion signature

The CD8" T cell exhaustion genes with prognostic potential in
the TARGETs dataset were identified through Univariate Cox
regression analysis (P<0.05). Subsequently, a combination of six
machine learning algorithms was employed, which included the
least absolute shrinkage and selection operator (LASSO) Cox
regression algorithm (14), Boruta feature selection algorithm (15),
survival support vector machine (survival-SVM) based on 10-fold
cross-validation (16), Boosting in Cox regression (Cox-boost) (17),
Extreme Gradient Boosting(XG-boost) (18), and generalized boosted
regression modeling (GBM) (19), to further refine the valuable T cell
exhaustion signature. In constructing the model, the output of the
biomarkers from the machine learning models was intersected,
followed by the utilization of multiple Cox regression to calculate
the weight of each gene. The TEX-score formula is as follows:

TEX — Score = X1(coefficient of multi

—COX of genel) s Yl(expression

—level of genel)+X2#Y2+X3xY3

Based on the median value of the TEX-score, patients in the OS
TARGETS cohort and the meta-cohort (formed by combining data
from GSE21257 and GSE16091 using the R package “Combat”)
were stratified into high and low TEX-score groups. Subsequently,
Kaplan-Meier survival analysis and receiver operator characteristic
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curves (ROC) between these two groups were conducted using the

» o« » «

“survminer”, “survival”, “rms”, and “timeROC” R packages.

2.7 Clinical characteristic and
nomogram establishment

Uni-Cox and multi-Cox regression analyses were employed to
assess the correlation and independence of the TEX-score in
conjunction with clinical parameters in the meta-cohort. In order
to delineate disparities between patient subgroups, a nomogram was
developed. This nomogram is capable of accurately forecasting an
individual’s probability of encountering an event in a clinical
setting, incorporating independent clinical prognostic factors like
age, gender, metastasis, and TEX-score. The performance of the
nomogram in prognostic prediction was subsequently evaluated
using calibration and ROC curves, validating its predictive
capability for prognosis (20).

2.8 Evaluation of immune-related
characteristics for the TEX-signature

The immune cell components in each sample were computed
using the Tumor Immune Estimation Resource (TIMER), single
sample gene set enrichment analysis (ssGSEA), and
Microenvironment Cell Populations-counter (MCP-counter)
algorithm (21). Additionally, the “ESTIMATE” package was
utilized to estimate both stromal and immune scores, enabling
the quantification of the Tumor Microenvironment (TME) in
malignant tumors (22). The cancer immune cycle, encompassing
seven distinct steps (TIP, hrbmu.edu.cn), as well as various immune
indicators calculated by the “easier” package, were used to gauge the
immune capacity of the TME (23). Furthermore, an examination
was conducted into the expression levels of co-stimulatory, co-
inhibitory, and HLA molecules. Parameters including T cell-
inflamed gene expression profile (GEP), cytotoxic activity (CYT),
and IFN-y were computed in accordance with previously
established methodologies (21, 24, 25). TME signatures,
independently developed by Kobayashi, were gathered and
computed utilizing Gene Set Variation Analysis (GSVA) (26).

2.9 Prediction of immunotherapy

The immunotherapy data was sourced from several datasets,
namely GSE91061 (melanoma), GSE126044 (lung adenocarcinoma),
Nathon (melanoma), and Mel-ucla (2016, metastatic-melanoma),
which were utilized to forecast the response to immunotherapy (27,
28). Additionally, GSE79671 (glioblastoma) and GSE61676 (non-
small cell lung cancer) were employed to assess the effectiveness of
antivascular drugs within high and low TEX-score groups (29, 30).
The TEX-score was calculated independently for each dataset.
Subsequently, drug screening was conducted for patients with
differing TEX-scores using the “oncopredict” package.

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1362970
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Fan et al.

2.10 Quantitative real-time polymerase
chain reaction

Ethical approval was obtained from the Medical Ethics
Committee for tissue specimens acquired from the Third Xiangya
Hospital of Central South University (Approval No. fast-23816).
These specimens were stored at a temperature of -80°C. A total of
three pairs of samples were collected from OS patients who
underwent tumor resection, including tumor tissue and
paratumor tissue. Total RNA from tissues was isolated using the
TRIzol reagent by Thermo Fisher Scientific, based in Waltham, MA,
USA. The cDNA was synthesized from 2uug of RNA utilizing the
RevertAid'" First Strand cDNA Synthesis Kit (Thermo Fisher
Scientific). Quantitative real-time polymerase chain reaction
(qRT-PCR) was performed using SYBR Green Master Mix
(Q111-02, Vazyme). The quantification of relative gene
expression levels was conducted using the 2 AACT method. The
primer sequences are shown in Supplementary Table 1.

2.11 Western blot analysis
and Immunofluorescence

Protein samples were collected using RIPA buffer (Beyotime,
China) and the protein concentration was determined using a
bicinchoninic acid (BCA) assay kit (Chinese Biotechnology
Company). A total of 20 pg of protein was separated by 12%
SDS-PAGE and transferred onto PVDF membranes (Bio-Rad).
After blocking with 5% non-fat milk at room temperature for one
hour, the membranes were incubated overnight with antibodies
diluted in antibody solutions against RAD23A (Immunoway),
SAC3D1 (Immunoway), GAPDH (Immunoway), and PSIP1
(Proteintech). Following washing, the membranes were then
incubated with ananti-rabbit IgG solution at room temperature
for one hour, followed by additional washing and visualization. For
histological analysis, the specimens were fixed in 4%
paraformaldehyde after removal, and the fixed tissues were
embedded in paraffin for sectioning and subsequent staining. The
antibodies used for immunofluorescence staining were as follows:
anti-human CD8 (Abcam); anti-human RAD23A (Immunoway);
anti-human SAC3D1(Immunoway), anti-human PSIP1
(Proteintech), Alexa 546-conjugated anti-rabbit IgG (Invitrogen).
Cell nuclei were counterstained with DAPI (Sigma Aldrich).
Imaging was performed using a Zeiss Axio Observer Z1 LSM 710
BiG confocal microscope (Carl Zeiss), and fluorescence images were
captured using Zen 2012 software (Carl Zeiss). Images were
pseudocolored for overlay, cropping, resizing, and enhancing
contrast and brightness using Photoshop and Illustrator (Adobe
Systems) or Image] (NIH).

2.12 Statistical analysis

The statistical analyses were performed using R (version 4.2.2)
and RStudio. A prognostic model for OS was developed employing
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Combined LASSO regression, Boruta, survival-SVM, Cox-boost,
XG-boost, and GBM. For survival analysis and assessing the
diagnostic value of the TEX-signature, Kaplan-Meier curves and
the Area Under the Curve (AUC) of the Receiver Operating
Characteristic (ROC) were employed, respectively. In cases of
normally distributed variables, significant quantitative differences
between and among groups were determined using a two-tailed t-
test or one-way ANOVA, as applicable. Conversely, for non-
normally distributed variables, significant quantitative differences
were assessed using a Wilcoxon test. A statistical P-value<0.05 was
considered to be statistically significant.

3 Results

3.1 Single-cell analysis explored cell
subtypes in OS

After controlling data quality and curating single-cell sequencing
data from 6 OS patients, a total of 31,398 cells were screened and
visualized through uniform manifold approximation and projection
(Supplementary Figures S1 and 2A). The optimal number of cell
populations was determined using the Seurat package, resulting in the
differentiation of all cells into 13 distinct clusters (Figure 1A). Using
the differential expression of genes between these 13 major clusters,
combined with corrections for cell-specific cell markers for all
subpopulations, an annotated classification of each cellular
subpopulation within the osteosarcoma tumor microenvironment
was performed. This included both immune (such as myeloid cells,
NK/T cells, and B cells) and non-immune cells (such as osteoblastic
OS cells, endothelial cells, OCs, and CAFs) (Figure 1B, C and
Supplementary Figures 2B-H). After a comprehensive examination
of the landscape and dynamics of immune cells, all groups of immune
cells were re-grouped and annotated (Figures 1D, E). The NK/T cells
underwent a similar process, while CD8" T cells were specifically
singled out for subsequent research (Figures 1F-H). Additionally, we
observed a low expression level of CD4 within the T cell
subpopulation (Figure 1H).

3.2 Analysis of CD8" T cell site
differentiation, cell population
communication, and functional enrichment

The pseudo-time series analysis revealed the differentiation
status among distinct clusters of CD8" T cells and the
rearrangement of cell types within the Tumor Microenvironment
(TME) of OS (Figures 2A, B). Subsequently, we delved into the
communication network among cell populations and found that
CD8" T cell cluster one exhibited a more active interaction status
and weight compared to CD8" T cell cluster two (Figure 2C).
Classical inflammatory activation pathways such as TNF, OSM, and
IFN-II signaling pathways displayed heightened activity in CD8" T
cell cluster one and Myeloid cells. Similarly, we investigated the
signaling pattern and weight of cytokine families like IL-1, IL-2, IL-
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FIGURE 1

Different cell clustering in single cell sequencing data of osteosarcoma. (A) Identification 13 types of cells in single cell sequencing data. (B) Co-
heatmap of marker genes for different cell types. (C) The 7 cell types were identified by marker genes. (D, E) Extraction, recombination and
annotation of immune cells. (F-H) Screening of CD8+ T cell and NK/NKT cell cluster. OS: Osteoblastic-OS cell, EC: Endothelial cell, OC: Osteoclast,

CAF: Fibroblasts, MC: Myeloid cell, NK/T: NK/NKT/T cell.

4, and IL-6 pathways, along with signaling pathways including
TGF-beta, CCL, CD40, complement, and TRAIL in clusters
(Figure 2D, E and Supplementary Figure 3A). In summary, CD8"
T cell cluster one demonstrated more pronounced advantages than
cluster two across most inflammatory and immune activation
pathways. Further visualization of the ligand interaction signal
intensity revealed that the ligand interaction between CD8" T cell
cluster two and others was relatively attenuated in comparison to
CD8" T cell cluster one (Figure 2F). Furthermore, gene enrichment
analysis was conducted between the two subtypes of CD8" T cells to
validate our hypothesis. The GSVA results of KEGG terms
demonstrated a strong association of cluster one with cytokine,
JAK-STAT, and T cell receptor signaling pathways (Figure 2G).
Additionally, KEGG analysis was carried out by evaluating the up-
and down-regulated differentially expressed genes in subgroup one
of CD8" T cells. It revealed that major pathways in cytotoxicity
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mediated by NK cells, necroptosis, TNF, and NOD signaling were
positively enriched (Figure 2H). As for GO terms, a plethora of
immune processes exhibited significant enrichment in cluster one,
including inflammatory response, lymphocyte migration,
proliferation and activation, as well as T cell differentiation and
activation regulation (Figure 2I). Furthermore, the hallmark
pathways of GSEA in cluster one indicated that molecules and
pathways associated with immune function were highly activated
(Figure 2]). In contrast, cluster two exhibited greater enrichment in
metabolism-related pathways and lacked immune activation in GO,
KEGG, and GSEA analyses (Figure 2H, Supplementary Figures 3B, C).
Finally, the overall expression status of co-stimulatory and co-
inhibitory molecules was compared between the two clusters
(Figure 2K). Combining these findings with our previous results,
we propose a process of functional exhaustion in the differentiation
of CD8" T cells between the two subsets.
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Further analysis of CD8+ T cell. (A) Trajectory plots showing different clusters in CD8+ T cells. (B) Rearrangement of cell types in TIME (C) The
number and weights/strength of interactions in the cell-cell communication network. (D) Weight of classical inflammatory activation pathways. (E)
Signal pattern and weight of the cytokine family (F) Visualization of the signal intensity of ligand interaction. (G) GSVA analysis of CD8+ T cells. (H-J)
The outstanding enrichment of GO, KEGG, and GSEA terms in cluster 1. (K) Box plots comparing co-stimulatory and co-inhibitory molecules
between two clusters. CD8+T-C1: CD8+T cell cluster 1, CD8+T-C2: CD8+t cell cluster 2.

3.3 Exploring the genetic changes
associated with exhaustion phenotype

We delved into the core gene-level alterations within the
differentiation trajectory of CD8" T cell subpopulations and
found that there were noteworthy disparities in core genes
between different clusters (Figures 3A, B). We utilized the hd-
WGCNA algorithm to compute the gene expression profiles of the
two CD8" T cell subsets, and then categorized the core genes
between these subsets into distinct gene modules to identify the
core gene sets. Finally, we verified the correlation between genes and
modules in the network. By setting 3 to 14, we achieved an R-
squared value of 0.85, which established a scale-free network
(Figure 3C). The genes were segregated into respective modules
via hierarchical clustering, and a gene similarity heatmap was
generated based on the topological overlap matrix (Figures 3D-F).
The core genes were predominantly concentrated in the turquoise
module, with a remarkably high correlation of 96% (Figure 3G).
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Further analysis revealed a strong correlation between genes within
the block and the block (Figure 3H).

3.4 Machine learning to build
TEX-signature

In our initial investigation into the biomarkers of T cell
exhaustion, which have prognostic significance for patients with
OS, we identified 668 genes that were commonly present in both
cohorts (Figure 4A). Following univariate analysis of these
exhausted core genes, feature selection was performed using six
machine learning algorithms, including LASSO, XGboost, GBM,
Boruta, CoxBoost, and survival-SVM (Figure 4B, Supplementary
Figure 4A). The C-index values for all the algorithms exceeded 0.8,
indicating the strong performance of each model (Figure 4C).
Subsequently, we selected the intersection of the biomarkers
obtained from the machine learning model to construct a refined
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model (Figure 4D). Three target genes, RAD23A, SAC3D1, and
PSIP1, were screened along with their corresponding coefficients
calculated through multivariate analysis (Figure 4E). Expression of
target genes between the two cell clusters was also visualized
(Figure 4F). Moreover, we defined the TEX-score as the sum of
the product of the expression values and the correlation coefficients
of these three genes separately. Comparisons of the prognostic
status of patients with high TEX-scores against those with low TEX-
scores revealed that in both the TARGETs cohort and the meta-
cohort, patients with high TEX-scores exhibited worse clinical
outcomes, while those with low TEX-scores demonstrated better
outcomes (Figures 4G, H). Additionally, the area under the ROC
curve demonstrated the excellent diagnostic efficacy and predictive
ability of the model at 1, 2, 3, 5, and 10 years in both the TARGETSs
cohort and the meta-cohort (Figures 41, J).

3.5 Construction of a nomogram and
clinical characteristic subgroup analysis

We developed a nomogram that incorporated age, gender,
metastasis, and TEX-scores for clinical prediction (Figure 5A,
Supplementary Figures 4B-E). The AUC values for 1-, 2-, 3-, 5-,
and 10-year Overall Survival (OS) for the nomogram were 0.96,
0.89, 0.82, 0.79, and 0.79, respectively, indicating that our model
exhibited strong and consistent predictive capability (Figure 5B).
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Furthermore, the calibration plots illustrated the level of agreement
between the predicted OS and the actual OS (Figure 5C). To further
underscore the predictive potential of the TEX-signature, we
conducted subgroup analyses based on available clinical features
in the TARGETs and GSE21257 databases. The signature
demonstrated accurate and robust performance across these
subgroups. According to Kaplan-Meier survival analysis, the low
TEX-score group consistently exhibited a superior prognosis
compared to the high TEX-score group within subgroups
stratified by OS type, gender, age, or metastasis (Figures 5D-L
and Supplementary Figures 4F-]). In addition, there is a tendency
for the TEX-score to decrease with age, suggesting to some extent
that they may be generalizable (Supplementary Figures 4K-L).

3.6 Immune characteristics related to the
TEX-signature

We investigated the association between TEX-signature and
immune cell infiltration as well as immunomodulators in both the
TARGETSs cohort and the meta-cohort to evaluate the impact of
TEX-signature in OS. Patients with high TEX-scores displayed a
strong correlation with tumor purity, whereas the low TEX-score
group exhibited a more favorable immune microenvironment and
matrix score (Figure 6A and Supplementary Figure 5A). Moreover,
we discovered that the low TEX-score group had positive associations

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1362970
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Fan et al. 10.3389/fimmu.2024.1362970
PseudoGene hd-WGCNA XGBoost 1
Pvalue Hazardrato
SWMRFE :
LassO PSP o0 MBI e
682 = .
[T P -
COXBoost
Boruta SACID! 0002 1845(1242-2741) pa—if
070 075 0.80 01234586
Valusof C-index ezt
B svm LASSO G H Strata <~group=high < group=iow
Strata =-group=high-+- group=iow
100{ o
1.00-
z 075
z 075 3
H g os0
s 05 g
L YN
e T
0.00-
0.00 012345678 91011121314151617181920
0 1 2 3 4 5 6 7 8 9 1011 12 Timelyears)
Time(years)
£ high| 35282416111010109 8 6 5543321100
8 hgh|42 241919118 6 4 2 2 10 3
@ 012345678 91011121314151617181920
9 1 2 3 &4 5 6 7 8 § 10 11 12 Time(years)
1 Timetyears) J
0 1.00
075
imporan _— 075
psrr 3 e z 3
- £ £
orzser I - 2 %
* e on"m = 2 050
v §° - - 5 3
H - & 050
voor: - 8 - w
scor m— H 3 — AUCat1year: 0.86 025
§ N o == AUC at 1 year: 0.73
o £ — AUCat2year: 083 = AUC at2year: 061
e W H 025 — AUCat3year: 0.76 — AUCat3 year: 067
e I 3 — AUC at5 year: 0.78 = AUCat5 year: 0.69
e 1 - — AUC at 10 year: 0.77 0.00} - = AUC at 10 year: 0.63]
T ) comomomomm 000 025 05 075 1. 000 025 050 075 10
importance Boostng e .
1 - Specificity 1 - Specificity
FIGURE 4

Construction and validation of the TEX-Signature. (A) Venn diagram of exhausted genes and core genes of the turquoise module. (B) machine
learning for valuable models. (C) The C-index of various algorithms. (D) Venn plot showing the intersection of valuable TEX-genes based on six
machine learning algorithms. (E) coefficient of three target genes calculated by multivariate analysis (F) Density plots of gene expression intensity for
target genes. (G) Kaplan-Meier survival curve of OS between patients with a relative high score of TEX-Signature and a low score of TEX-Signature in
the TARGETs cohort. (H) Kaplan-Meier survival curve of OS between patients with a high score of TEX-Signature and a low score of TEX-Signature in
the meta-cohort. (I) Time-dependent ROC curve at 1, 2, 3, 5, and 10 years in the TARGETs cohort. (J) Time-dependent ROC curve at 1, 2, 3, 5, and

10 years in the meta-cohort.

with immune cells such as CD8" T cells, macrophages, natural killer
cells (NK cells), NK T cells, B cells, and central and effector memory T
cells, all of which play important roles in positive immune regulation
and immune-mediated killing utilizing multiple algorithms including
ESTIMATE, TIMER, MCP-counter, and ssGSEA (Figure 6A,
Supplementary Figures 5B-D). However, myeloid-derived
suppressor cells (MDSC) were also more enriched in the low TEX-
score group (Figure 6A and Supplementary Figures 5B-D).
Additionally, the TEX-score exhibited negative correlations with
most immune modulators, classified as antigen presentation, co-
stimulatory, co-inhibitory, receptor, and others in the TARGETSs
cohort. The expression status of all immune checkpoint molecules
was also depicted (Figures 6B, C). Furthermore, we confirmed the
expression levels of co-stimulatory, co-inhibitory, and HLA
molecules in the meta-cohort (Supplementary Figures 5E, F).
Finally, we explored several immunotherapy indices in both the
TARGETS cohort and meta-cohort. High levels of GEP, CYT, and
IFN-y were significantly associated with a low TEX-score, all of which
are determinants of a potentially improved immunotherapy response
(Figures 6D-F and Supplementary Figures 5G-I). Interestingly, there
was no statistically significant difference in IFN in the TARGETs
cohort, although our validation in the meta-cohort indicated that the
results were still meaningful. Our results showed a clear intrinsic
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correlation between the immune microenvironment and TEX-scores,
with the low TEX-score patients having an “immune-heat response
phenotype” reflecting a better immunotherapeutic potential, whereas
the high TEX-score group showed an “immune-poor state”.

3.7 Potential biological process related to
TEX-signature

We examined the immunity cycle of cancer to elucidate the
relationship between immune processes and TEX-score across the
entire dataset, several steps of the immune cycle were found to be
more activated in the low TEX-score group in our study. They
included cancer antigen presentation, recruitment of T cells, CD8"
T cells, Thl cells, NK cells, macrophages, B cells, infiltration of
immune cells into tumors, and killing of cancer cells (Figure 7A).
Moreover, we gathered various indices, including the T cell
inflammatory microenvironment signature (T-cell-inflamed), which
is based on the combined potential of IFN-y and T-cell-associated
inflammatory genes in predicting the response to PD-1 blockade, as
well as the immunological characteristics of Roh (Roh-IS) associated
with immune activation related to tumor rejection, and the
immunological characteristics of Davoli (Davoli-IS), defined by the
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expression of cytotoxic CD8" T cell, NK cell markers, and immuno-
expanded label (Ayers-explS), which is produced by genes highly
associated with IFN-y signature genes. All of these scores were highly
significant in the low TEX-score group (Figure 7B). The immune
resistance program (resF-down, resF-up, and resF) represents the
efficacy of immune resistance in the tumor microenvironment, with
patients in the high TEX-score group exhibiting stronger immune
resistance (resF, resF-up), while lower levels of immune resistance
(resF-down) were present in the low TEX-score group (Figure 7B).
Furthermore, we examined the signatures developed by Kobayashi in
the TARGETS cohort, where a low TEX-score was associated with
higher levels of recognition of tumor cells, innate immunity, T cells,
IFN-y response, Tregs, and MDSCs, while proliferation levels were
positively correlated with TEX-scores (Figure 7C). Additionally, we
found that transcription factors associated with inflammation and
tumor suppression, such as USF1, USF2, RFX5, TP53, ETS1, SPI1,
GATA, and STATI, were highly expressed in the low TEX-score
group. Factors that play a bidirectional role in proliferation and
immunity, including NF-kB, STAT5B, and STAT6, were also highly
expressed in the low TEX-score group. Other major potential tumor
growth factors, such as POU2F2, RUNXI, ERG, REL, and JUN, were
also relatively increased in the low TEX-score group. Except for
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FOXOI, KLF4, and SMAD4, the highly expressed transcription
factors promoted OS proliferation, metastasis, and drug resistance
in the high TEX-score group, including the E2F family, MYC,
TFDP1, ZEB1, TFAP2C, LEF1, FOSL1, TCF7L2, TWIST1, GLI2,
and FOXO3 (Figure 7D).

3.8 Function enrichment and metabolism
of TEX-signature

We examined the similarities and differences between TEX-score
subgroups at the level of specific biological functions and pathways.
The GO analysis of biological processes primarily encompassed
positive reactions of leukocytes, such as immune migration,
adhesion, activation, and phagocytosis in the low TEX-score group.
This specifically included the activation and differentiation of CD8" T
cells, B cells, and myeloid cell-mediated immunity (Figure 8A). The
cellular components identified in the GO analysis were associated with
membrane and filopodium components. Molecular functions included
IgG binding, immunoglobulin binding, immune receptor activity, and
serine-type peptidase activity (Figure 8B). The GO analysis results for
the high TEX-score group were also notable. There was enrichment
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Immune-related characteristics of TEX-signature in TARGETs and Meta-cohort. (A) Heatmap showing the correlation between TEX-score and
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status of all immune checkpoint molecules between low and high TEX-score groups. (D-F) Boxplot and scatter plot displaying the levels of GEP,

CYT, and IFN-y between low and high TEX-score groups.

related to ion channels, both voltage-dependent and independent in
biological processes. Terms like transporter complex and channel
complex were enriched for cellular components. Bone
morphogenesis and ossification were significantly enriched in terms
of molecular functions (Supplementary Figure 6A). Additionally, we
conducted a KEGG analysis that showed a significant enrichment in
the low TEX-score group. We visually compared the enrichment status
of the corresponding pathways in the two subgroups. Pathways
including the Toll-like receptor, T cell receptor, NOD-like receptor,
leukocyte trans-endothelial migration, Fc-y receptor-mediated
phagocytosis, cytokine-cytokine receptor interaction, chemokine
signaling pathway, and B cell receptor, all of which were involved in
immune processes, were significantly associated with the low TEX-
score group (Figure 8C). Furthermore, numerous Hallmark signaling
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*p<0.05, **p<0.01, ***p<0.001.

pathways of GSVA correlated with the low TEX-score, included
complement, IL6-JAK-STAT3, and IL2-STAT5 signaling pathway,
inflammatory response, IFN-o. and IFN-y response, and TNFo-NF-
kB signaling pathway. As for the high TEX-score group, the results
were consistent with what we obtained previously (Figure 8D).

3.9 Predictive efficacy of TEX-signature
for therapy

To further investigate the potential value of the TEX-signature in
therapy response, we proceeded to validate its efficacy in multiple
published therapy datasets. The predictive capacity of the TEX-
signature was well-evidenced by Disease Control Rate (DCR) in the
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context of immunotherapy. Patients with low TEX-scores in the
GSE91061 cohort exhibited significantly improved DCR compared to
patients with high TEX-scores, and the ROC curve confirmed the
robustness of the TEX-score in predicting therapy response
(Figure 9A). Similarly, patients with low TEX-scores in the
GSE126044 dataset demonstrated a higher likelihood of responding
positively to immunotherapy (Figure 9B). Patients with low TEX-
scores in the Nanthon dataset experienced extended survival times and
were more inclined to respond to immunotherapy (Figure 9C). Patients
with low TEX-scores in the Mel-ucla dataset exhibited a superior DCR
(Figure 9D). Turning to anti-angiogenic therapy, patients with low
TEX-scores in the GSE79671 dataset were more prone to positive
responses to anti-angiogenic therapy (Figure 9E). Likewise, in the
GSE61676 dataset, patients with low TEX-scores demonstrated
prolonged survival times and were more likely to respond favorably
to anti-angiogenic therapy (Figure 9F). In addition, we verified the
predictive value of the TEX-signature for chemotherapies. As shown,
the TEX-score showed a significant correlation with major
chemotherapeutic agents, including docetaxel-tanespimycin,
regorafenib, sorafenib, topotecan, pazopanib, and paclitaxel. Patients
with high TEX-scores appeared to be more likely to respond positively
to chemotherapies (Figures 9G, H and Supplementary Figures 6B-E).
Taken together, our research revealed that patients with low TEX-
scores could potentially benefit more from certain treatment options.

3.10 The validation of TEX-related
gene expression

To validate the expression patterns of TEX-related genes in

osteosarcoma (OS) patients, we performed RT-PCR and Western
Blot analyses on tumor tissues and adjacent non-tumor tissues from
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three patients. The results showed that, compared to adjacent non-
tumor tissues, the expression of RAD23A, SAC3D1, and PSIP1 was
significantly upregulated in OS tissues (Figures 10A, B).
Additionally, we characterized the localization expression of the
three target genes in CD8 T cells using immunofluorescence in OS
tissue (Figure 10C). Therefore, we propose that dysregulated
expression of these genes may lead to T-cell exhaustion and
promote OS progression.

4 Discussion

Chemotherapy and surgical resection have long been the
mainstay of treatment for OS (31). Unfortunately, there has been
limited advancement in the treatment of OS over the last three
decades, particularly in contrast to the notable progress made in
developing novel therapies for other types of cancer (32). This
stagnation in innovation has regrettably not translated into
improved survival rates for patients dealing with OS. The need
for further research and breakthroughs in treatment options for OS
remains paramount.

Immunotherapy, an emerging therapeutic approach, has made
significant strides in treating various cancer types. However, its
impact on OS has been relatively limited (33). Effectively reshaping
the immunosuppressive tumor microenvironment is crucial for the
success of immunotherapy (34). Nevertheless, the intricate interplay
of factors including the complex immune microenvironment,
tumor heterogeneity, and individual variations in OS poses
formidable challenges to harnessing the full potential of immune-
based treatments (35). The core of immunotherapy is the activated
T cells, particularly CD8" T cells, whose functional state closely
correlates with immune response effectiveness. However, CD8" T
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Function enrichment and metabolism of the TEX-signature. (A) Biological process of GO analysis in the low TEX-score group. (B) Cell component
and molecular function of GO analysis in the low TEX-score group. (C) KEGG analysis in the low TEX-score group. (D) GSVA analysis of low and high

TEX-score groups.

cells are often altered or exhausted due to prolonged exposure to
high levels of persistent antigen and inflammatory stimuli during
tumor progression. These exhausted T cells lose their ability to
eliminate tumor cells (11, 36). Immune checkpoint inhibitors such
as anti-PD-1 antibodies and anti-CTLA-4 antibodies, regulatory
cytokines, and metabolic reprogramming targeting the tumor
microenvironment work to reverse the exhausted T cell states,
restore their functionality, and reactivate immune responses.
Previous studies have indicated that the number of tumor-
infiltrating lymphocytes (TIL) is significantly higher in OS
compared to other sarcomas (37), which suggests that immune
checkpoint inhibitors may be able to leverage the abundance of TIL
in OS, offering hope for immunotherapy in this context. However,
the relationship between T cell exhaustion and OS remains
inadequately understood.

CD8" T cells, originating from CD34 hematopoietic stem cells
located in the bone marrow, can be activated by endogenous
antigenic peptides presented in MHC class I molecules, thereby
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exerting anti-tumor immunity (38). When the functionality of
CD8" T cells is compromised, the body’s anti-tumor immune
capacity diminishes, elevating the risk of tumor growth and
cancer metastasis (39). Through an exploration of the molecular
and functional attributes of distinct CD8" T cell subgroups in OS,
we observed indications of functional exhaustion within the tumor
immune microenvironment. In contrast to relatively exhausted
CD8" T cells, their more active counterparts demonstrated
heightened engagement in cellular interactions, with most
immune-related pathways exhibiting elevated activity. These
pathways encompassed inflammatory activation pathways, TNF
family members, complement C3, cytokine family, immune
response, cell-cell adhesion, necroptosis, and T cell activation.
The relatively exhausted cell subgroup exhibited heightened
expression of markers like LAG-3, TOX, CTLA-4, aligning with
prior studies elucidating mechanisms associated with CD8" T cell
exhaustion (40). This expression profile may potentially impact the
immune response and prognosis of OS patients. These findings
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Predictive value of TEX-signature in therapy response. (A-D) Distribution of immunotherapy responses and ROC curves in the GSE91061 cohort,
GSE126044 cohort, Nanthon dataset and Mel-ucla dataset based on the TEX-signature (E, F) Distribution of anti-angiogenic therapy responses and
the ROC curve between low and high TEX-score groups in the GSE79617 and GSE61676 dataset. (G, H) The sensitivity of docetaxel-tanespimycin
and regorafenib in two groups.

inspire us to further refine and scrutinize exhaustion models,
seeking additional insights to advance immunotherapy for OS.
Following the application of six machine learning algorithms,
we identified RAD23A, SAC3D1, and PSIP1 as genes associated
with T cell exhaustion, forming the basis for an OS prognostic
model. RAD23A, also known as RAD23 or HR23A, is involved in
nucleotide excision repair and the regulation of intracellular protein
degradation (41). Previous pan-carcinoma analyses have indicated a
significant positive correlation of RAD23A in various cancers (42).
It participate in processes such as nuclear translocation of AIF
during cell death induction and enhances resistance to chemical
agents by modulating autophagic response (43). RAD23A may
mediate T cell exhaustion through diverse pathways and is
recognized as an immune function biomarker, substantiating its
inclusion in the prognostic model (44). SAC3D1, or SHDI, is
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implicated in centrosome duplication and mitotic progression,
potentially mediating cell cycle regulation via centrosome
amplification (45). SAC3D1 is involved in immune response, as
well as its association with metabolism-related signaling pathways,
positions it as a key player in T cell exhaustion and provides
valuable insights for prognosis and immunotherapy effectiveness
in various cancers (46, 47). PSIP1, also known as LEDGF/p75,
participates in various biological processes and plays a significant
role in lens epithelium differentiation into fiber cell terminals (48).
The precise influence of these genes on the occurrence and
progression of T cell exhaustion, particularly in relation to CD8"
T cell exhaustion in OS, deserves further exploration. Indeed,
understanding the intricate interplay between the tumor immune
microenvironment and T cell exhaustion is crucial for unraveling
the complexities of cancer progression and devising effective
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Validation of TEX-related gene expression. (A) QRT-PCR analysis and (B) Western blot analysis of RAD23A, PSIP1, and SAC3D1. (C)
Immunofluorescence co-localization of CD8 and TEX-related genes was performed under 40x magnification. *P < 0.05, **P < 0.01, ***P < 0.001

therapeutic strategies (49, 50). The observations made in this study
regarding immune cell infiltration and immune checkpoints
between individuals with high and low TEX-scores shed light on
potential avenues for enhancing immune efficacy. The heightened
presence of CD8+ cells, macrophages, NK cells, NK T cells, B cells,
and monocyte cells in the low TEX-score group signifies a more
active immune response, which aligns with the notion of reduced T
cell exhaustion. Moreover, the association of immune pathways
with TEX-score subgroups provides valuable insights into the
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potential effectiveness of immunotherapy in OS. The activation of
the WNT/B-catenin signaling pathway in the high TEX-score group
is particularly noteworthy, as this pathway is known to play a
crucial role in T cell differentiation and effector function (51).
Previous studies have demonstrated that the activation of WNT/
[3-catenin signaling can suppress the effector functions of CD8+ T
cells, further emphasizing its relevance in the context of T cell
exhaustion (52). The expression of immune checkpoint molecules
can originate from various cell types, including tumor cells,
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regulatory T cells (Treg), fibroblasts, or their extracellular vesicles.
In the low-TEX group, co-stimulatory molecules such as CD40/
CD40LG and CD96 were relatively upregulated, accompanied by
elevated levels of TNF-o, GZMA, and IFN-0/IFN-y. Meanwhile, we
observed a relative upregulation of some inhibitory immune
checkpoints, this may be attributed to heightened antigen
presentation stimulation due to high HLA expression and a
tumor’s self-protective effect induced by sustained inflammatory
responses. The upregulation of CD274, IDOI, etc. on the tumor
surface by T cell activation and IFN-0/IFN-y stimulation has been
demonstrated (53, 54). Furthermore, the Meta-dataset’s high-TEX
group showed increased expression of TOX and VCTNI, and the
relationship between immune checkpoint regulation and
immune infiltration was more intricate than we had first thought.
Patients with elevated immune checkpoint levels may also
exhibit higher levels of immune activation, and this group of
patients may experience better clinical benefit from combination
immunotherapy (55). This highlights the potential for interventions
aimed at reversing the state of immune exhaustion in the tumor
microenvironment, a development that could have far-reaching
implications for cancer therapy. Reassuringly, recent clinical
successes in reversing T cell exhaustion underscore the promising
potential of such approaches (56).

As we know, T cell exhaustion is a prolonged and persistent
process characterized by the upregulation of various immune
inhibitory factors and impaired functionality, such as compromised
release of IFN-y and granzymes, within the tumor immune
microenvironment (TIME) under inflammatory stimuli. Despite
being the mainstay of immunotherapy, classical immune inhibitors
like Anti-PD1 and Anti-CTLA4, represented by immune checkpoint
blockade (ICB), unfortunately, fail to provide long-term benefits for a
significant proportion of patients (57). The restoration of exhausted T
cell functions is often limited, and they can rapidly revert to their pre-
treatment state. Current research has identified CD8+ and Th1-type T
cell markers, including IFN-y, PRF1, and TAPI, to be significantly
correlated with patients’ responses to immunotherapy (58).
Additionally, scholars have found that early PD-1 blockade
combined with CAR-T therapy can achieve better prognosis
improvement (59). Therefore, for patients with relatively low tumor
heterogeneity, high immune infiltration, and limited exhaustion,
immunotherapy may attain better long-term efficacy (60). In our
research cohort, besides the significant correlation of important
indicators such as GEP, IFN-y, and CYT with low exhaustion levels,
the consistent performance of scores like Roh-is, Davoli-is, and RIR
further supports our hypothesis, affirming the favorable prognosis of
low TEX and providing support for our hypothesis. The validation of
this model in multiple therapy datasets across different tumor types
further strengthens its predictive efficiency. The findings regarding the
sensitivity of patients to anti-angiogenic drugs and conventional
chemotherapy drugs for OS highlight the potential clinical utility of
the TEX-signature in guiding treatment decisions. However, it’s
important to acknowledge the need for further validation and clinical
implementation. This study sets a promising foundation for future
research and potential advancements in the treatment of OS.

It should be mentioned that there are a few of restrictions.
Firstly, due to tumor heterogeneity and limited sample size, the
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study’s findings are based on single-cell sequencing data from a
relatively small sample number, which may not fully capture the
heterogeneity present in osteosarcoma. Further validation in larger
cohorts would provide more robust and generalizable results.
Second, while the study identifies core genes in the TEX-
signature, further molecular experiments are necessary to
elucidate the functional roles of these genes and understand the
underlying molecular mechanisms of CD8" T cell exhaustion.
Finally, the study did not specifically address the prediction of
metastasis in osteosarcoma. It’s important to acknowledge that the
model’s performance in this regard remains uncertain, because we
were unable to get reliable metastasis-related data.

In conclusion, our study aims to analyze the immune
microenvironment and tumor heterogeneity in OS using single-
cell sequencing data, identifying distinct differentiation trajectories
of CD8" T cells in different individuals, and conducting a thorough
evaluation of CD8" T cells, which holds promise in shedding light
on new avenues for OS immunotherapy.
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Predictive value of PD-L1 and
TMB for short-term efficacy
prognosis in non-small cell lung
cancer and construction of
prediction models

Shuling Shi', Yingyi Wang*, Jingjing Wu*, Boya Zha*,

Peihong Li*, Yukun Liu*, Yuchuan Yang*, Jinglin Kong*,

Shibo Gao*, Haiyang Cui*, Linkuan Huangfu®, Xiaocong Sun?,
Zhikai Li*, Tiansong Liang®, Yingjuan Zheng™?

and Daoke Yang ®*

‘Department of Radiation Oncology, The First Affiliated Hospital of Zhengzhou University, Zhengzhou,

Henan, China, ?Institute of Radiotherapy and Critical Care Oncology, Zhengzhou University,
Zhengzhou, Henan, China

Objective: To investigate the correlation between programmed death ligand 1
(PD-L1), tumor mutation burden (TMB) and the short-term efficacy and clinical
characteristics of anti-PD-1 immune checkpoint inhibitor combination
chemotherapy in NSCLC patients. The efficacy of the prediction model
was evaluated.

Methods: A total of 220 NSCLC patients receiving first-line treatment with anti-
PD-1 immune checkpoint inhibitor combined with chemotherapy were
retrospectively collected. The primary endpoint was short-term efficacy ORR.
The correlation between short-term efficacy, PD-L1, TMB, and clinical
characteristics using y2 test or t-test was evaluated. Screen the independent
prognostic factors using univariate and multivariate logistic regression analyses,
and construct a nomogram prediction model using the “rms” package in R
software. Using receiver operating characteristic (ROC) curve analysis to evaluate
the independent Prognostic factors and the prediction model. Using decision
curve analysis (DCA) to verify the superiority of the prediction model.

Results: The mean values of PD-L1, TMB, neutrophils, lymphocytes, neutrophil-
to-lymphocyte ratio, and albumin were the highest in the ORR group, PD-L1
expression and TMB correlated with epidermal growth factor receptor
expression. Multivariate analyses showed that PD-L1, TMB, and neutrophil were
independent prognostic factors for ORR. The area under the ROC curve (AUC)
values of the ROC constructed based on these three indicators were 0.7104,
0.7139, and 0.7131, respectively. The AUC value under the ROC of the nomogram
model was 0.813. The DCA of the model showed that all three indicators used
together to build the prediction model of the net return were higher than those
of the single indicator prediction model.
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Conclusion: PD-L1, TMB, and neutrophils are independent prognostic factors
for short-term efficacy. The nomogram prediction model constructed using
these three indicators can further improve predictive efficacy of ICls in patients

with NSCLC.

KEYWORDS

non-small cell lung cancer, PD-L1, tumor mutation burden, objective response rate,

nomogram model

1 Introduction

Lung cancer is the leading cause of cancer-related deaths, and
non-small cell lung cancer (NSCLC) is the most common type of lung
cancer. Most lung cancer patients are diagnosed when the disease has
progressed to the middle or late stages; however, traditional
chemoradiotherapy has a low cure rate and high adverse effects,
and the 5-year survival rate is less than 22% (1). Therefore, new
therapeutic modalities are urgently needed to improve disease control
and prolong OS in patients with lung cancer.

Among new therapeutic modalities, targeted therapies have the
best efficacy for NSCLC patients, especially those carrying
epidermal growth factor receptor (EGFR) mutations (2, 3),
However, targeted therapies inevitably generate drug resistance,
posing a challenge for the follow-up of NSCLC patients. Meanwhile,
immunotherapy using immune checkpoint inhibitors (ICI) has
brought new hope for patients with Solid tumor. ICIs are based
on the tumor cell immune escape (4)mechanism which regulates
the immune microenvironment around tumor cells and restores
their antitumor function of immune cells (5). ICIs have been
applied to various cancers, such as melanoma, renal cell
carcinoma, bladder cancer, and mismatch repair-deficient solid
tumors (6-9), and have achieved good clinical efficacy.

The main ICIs currently in clinical use for NSCLC are anti- PD-
1/PD-L1 ICIs. PD-1 and PD-L1 are usually highly expressed on the
surface of activated lymphocytes and tumor cells, respectively, and
the combination of the two down-regulates TCR signaling and
reduces the production of TNF-o, IFN-y, and IL-2 (10), which
inhibits the tumor-killing function of immune cells. Anti-PD-1/PD-
L1 ICIs are novel therapeutic modalities that restore immune killing
functions by blocking this pathway. A large number of studies have
confirmed that anti-PD-1/PD-L1 ICIs produce better clinical
therapeutic effects in patients with NSCLC, increasing the

Abbreviations: NSCLC, non-small cell lung cancer; ORR, objective response rate;
PD-L1, programmed death ligand 1; TMB, tumor mutation burden; PD-1,
programmed death receptor 1; ICIs, immune checkpoint inhibitors; Neut,
neutrophil; NLR, Neutrophil-to-lymphocyte ratio; LYM, lymphocytes; Alb,
Albumin; ROC, receiver operating characteristic; DCA, Decision curve analysis;

EGFR, epidermal growth factor receptor.
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objective response and survival rates, and improving the quality
of patient survival (11, 12).

According to the 2023 CSCO guidelines for the diagnosis and
treatment of NSCLC, ICIs have been used as first- and second-line
treatments for advanced NSCLC. However, as ICIs are widely used
in patients with NSCLC, the resistance and immune-related adverse
events (irAEs) they generate have become the main factors limiting
the clinical application of ICIs (13). In this context, finding accurate
predictive markers has become the main research focus to solve
this problem.

At present, PD-1/PD-L1 expression levels, and tumor mutation
burden have become the main detection biomarkers before clinical
immunotherapy, with the aim of screening patients with NSCLC
who are suitable for individualized immunotherapy. However, for
many patients with advanced NSCLC, obtaining sufficient tumor
samples is a significant limiting factor. Therefore, this study aimed
to investigate the predictive value of PD-L1 and TMB on the short-
term efficacy of first-line treatment with ICIs in combination with
chemotherapy in patients with locally advanced NSCLC and to
provide a theoretical basis for the clinical development of
individualized treatment.

2 Materials and methods

2.1 Clinical data

This study retrospectively collected data from 220 patients with
NSCLC who visited the First Affiliated Hospital of Zhengzhou
University from September 2021 to September 2023 and received
first-line treatment with anti-PD-1 ICIs combined with
chemotherapy. The inclusion criteria were as follows: (1)
pathological type of NSCLC; (2) stage III or IV according to
TNM staging; (3) patients with primary diagnosis; (4) patients
receiving anti-PD-1 immune checkpoint inhibitor therapy as first-
line treatment; (5) patients with KPS score >70 before treatment; (6)
patients aged 18-80 years (7) with at least one measurable lesion.
The exclusion criteria were as follows: (1) previous history of
malignant tumors or current diagnosis of dual primary tumors;
(2) incomplete clinical data; and (3) combined immune-related
diseases. All patients underwent complete blood routine, liver and
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kidney function, chest MRI/CT abdominal CT, brain MRI, whole-
body bone ECT, and other related examinations. This study was
approved by the Ethics Committee of the First Affiliated Hospital of
Zhengzhou University.

2.2 Treatment

All the patients are treated with a chemotherapy + anti-PD-1
immune checkpoint inhibitor regimen. nab-PP regimen was
adopted for synchronous chemotherapy (albumin paclitaxel 100
mg/m?, ivgtt d1, 8, 15 + cisplatin 75 mg/m*/carboplatin area under
the receiver operating characteristic (ROC) curve (AUC) = 5-6, ivgtt
d1), AP regimen (pemetrexed 500 mg/m?, ivgtt d1 + cisplatin 75
mg/m?, ivgtt d1/carboplatin AUC = 5-6, ivgtt d1), GP regimen
(gemcitabine 1,000 mg/m?, ivgtt d1,8 + nedaplatin 80 mg/m? ivgtt
d1), DP regimen (docetaxel 70 mg/m” ivgtt d1 + carboplatin AUC =
5-6, ivgtt d1). Inmunotherapy was administered via an intravenous
drip of camrelizumab/sintilimab/tislelizumab/pembrolizumab 200
mg. The first day was used, and the course of treatment was 21 days.
Some patients were followed-up with immune checkpoint inhibitor
consolidation therapy.

2.3 Indicators

Immunohistochemical PD-L1 detection index: specimen,
tumor tissue section of the patient; detection reagent, monoclonal
mouse anti-human PD-L1; evaluation method: TPS, number of PD-
L1 staining positive tumor cells/total number of live tumor cells *
100%; cut-off value for judging the test results: <1% was negative,
1%-49% was low expression, and >50% was high expression. TMB
was defined as the total number of somatic mutations detected per
million bases (muts per Mb unit, muts/Mb). Specimen: tumor tissue
FFPE; detection reagent: DNA extraction kit (OMEGA); Detection
method: DNA-based probe capture library building method high-
throughput sequencing (NGS); evaluation method: according to the
current clinical research data, TMB > 10 muts/Mb was considered
high. The absolute value of neutrophils (Neut) was defined as the
number of neutrophils in the white blood cell count, with a normal
reference range of 1.8 — 6.3 * 10 A 9/L. The absolute value of
lymphocytes (LYM) refers to the specific number of lymphocytes in
the blood, with a normal reference range of 1.1 — 3.2 * 10 A 9/L.
Neutrophil-to-lymphocyte ratio (NLR) was defined as the ratio of
routine neutrophil-to-lymphocyte counts. Albumin (Alb), a major
protein in human plasma, was also used as an indicator.

2.4 the evaluation of curative effect

All first-line treatment patients were evaluated for short-term
efficacy 3 months after the first course of treatment. The evaluation
criteria were response evaluation criteria in solid tumors (RECIST).
The evaluation indexes were complete response (CR), partial
response (PR), stable disease (SD), and progressive disease (PD).
The objective response rate (ORR) was defined as the proportion of
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patients whose tumor volume shrank to a predetermined value and
could be maintained in the minimum time limit, as the sum of the
proportion of CR + PR; non-ORR was defined as the sum of the
proportion of SD + PD. Efficacy was evaluated every 6 weeks, and
CT, MR, and other related examinations showed improvement.

2.5 Statistical processing

Statistical analyses were performed using SPSS 23.0, and
GraphPad Prism 8 software was used for plotting. The diagnostic
efficacy of the different indicators was evaluated using the ROC.
Count data were expressed as the number of cases and the rate (%);
the %2 test or Fisher’s exact probability method was used for the
qualitative data of the general clinical data and treatment results of
the patients included in the study, and the t-test was used for the
quantitative data. Prognostic factors were evaluated using
univariate and multivariate logistic regression analyses, and the
independent prognostic variables in the logistic regression analyses
were used to construct a nomogram prediction model using the
“rms” package in R software. ROC analysis was used to evaluate the
predictive efficacy of the prognostic factors and nomogram
prediction model, and decision curve analysis (DCA) was used to
verify the superiority of the prediction of this model. the nomogram
construction flowchart as shown in Figure 1.

3 Results
3.1 General data

A total of 220 patients were enrolled: 127 in the ORR group and
93 in the non-ORR group. A comparison of the general data of the
two groups is presented in Table 1. Immunotherapy efficacy was not
related to alcohol consumption history, hypertension history,
diabetes history, T stage, N stage, M stage, TNM stage. The ORR
was the highest in men, age =60 years, history of smoking, and
patients with squamous carcinoma. The mean values of PD-LI,
Neut, LYM, and NLR in the ORR group were greater than those in
the non-ORR group, whereas the mean value of Alb was relatively
higher in the non-ORR group, and the differences were all
statistically significant (P < 0.05).

3.2 Correlation analysis of PD-L1, TMB and
clinical features

PD-L1 and TMB were grouped according to clinical study
data. PD-L1 high expression group: PD-L1 >50%, low expression
group: PD-L1 <50%; TMB high expression group: TMB >10 muts/
Mb; low expression group: TMB <10 muts/Mb. The relationship
between PDL1, TMB, and the clinical characteristics of patients
with NSCLC is shown in Table 2. The PD-L1 score was
significantly correlated with EGFR drive type and TMB, whereas
the TMB score was correlated with sex, smoking history, drinking
history, and T stage.
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FIGURE 1
The nomogram construction flowchart.
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included in the multivariate analysis. The results showed that PD-
L1 expression (P < 0.001), TMB (P < 0.001), and neutrophils (P <

The results of the univariate analysis of ORR are shown in
Table 3. Sex, age, smoking history, pathologic staging, PD-L1, TMB,
neutrophils, and NLR were significantly associated with ORR in
NSCLC (P < 0.05). There were no significant correlations among
drinking history, hypertension history, diabetes history, T staging,
N staging, M staging, TNM staging, lymphocytes, albumin, or ORR.

3.4 Multivariate analysis results of ORR

The results of the multivariate analysis of ORR are shown in
Table 4. Eight significant results from the univariate analysis were
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0.001) were independent prognostic factors for ORR in patients
with NSCLC. Sex, smoking history, age, pathological classification,
and NLR were not independent prognostic factors for the ORR in
patients with NSCLC.

3.5 ROC for different indicators

According to the results of the multivariate analysis, the ROC
curves of three independent prognostic factors, PD-L1, TMB, and
neutrophils, of the ORR in patients with NSCLC were drawn. As
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TABLE 1 General data of the two groups of patients.

clinical characteristic  ORR127 non-ORR93 P
Sex <0.001
Man 109 59
Women 18 34
age(years) 0.005
=60 94 52
<60 33 41
smoking history 0.008
Yes 65 31
No 62 62
Alcohol consumption history 0.250
Yes 36 20
No 91 73
Hypertension history 0.646
Yes 32 26
No 95 67
Diabetes history 0.156
Yes 19 8
No 108 85
T staging 0.388
T1~T2 73 48
T3~T4 54 45
N staging 0.649
NO~N2 87 61
N3 40 32
M staging 0.636
MO 56 44
M1 71 49
TNM staging 0.842
111 57 43
v 70 50
Pathological classification 0.014
squamous carcinoma 69 35
Adenocarcinoma 58 58
PD-L1(%) 67.34 £ 0.32 58.02 + 0.57 <0.001
TMB (muts/Mb) 1528 £ 0.20 9.59 £ 0.17 <0.001
Neut(*10179/L) 6.48 £ 0.11 5.15+0.12 <0.001
LYM(*1079/L) 343 +0.35 1.78 £ 0.05 <0.001
NLR 8.50 + 0.44 4.09 +0.17 <0.001
Alb(g/L) 39.47 + 0.08 39.85 + 0.07 <0.001
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shown in Figure 2, the AUC of the ROC curves of PD-L1, TMB, and
neutrophils were 0.7104, 0.7139, and 0.7131 respectively, and were
statistically significant (P < 0.001). When the sensitivity was 74.0%
and the specificity was 61.2%, the best cut-off value for the Yoden
index was 4.205 * 10 A 9/L.

3.6 Construction of nomogram
prediction model

According to the results of the ORR multivariate analysis and
evaluation of the prediction efficiency of ROC, a line chart
(nomogram) model based on PD-L1, TMB, and neutrophils was
drawn using the nomogram function in the rms package, as shown
in Figure 3. Neut expression range from 0*10A9/L to 20¥*10/9/L
corresponds to the score threshold between 0 and 100 points, and
PD-L1 expression range from 0% to 100% corresponds to the score
threshold between 12 and 38 points. The TMB expression range
ranges from Omuts/Mb to 35muts/Mb and the corresponding score
threshold ranges from 0 to 88 points. Neutrophils and TMB had the
widest range of risk scores and the most significant impact on
prognosis. The points corresponding to the three indicators were
added to the total points, which corresponded to the ORR risk
value. The ROC curve drawn according to the model is shown in
Figure 4. The AUC was 0.813, indicating medium accuracy. This
shows that the model performs well in predicting the ORR
in NSCLC.

3.7 The decision curve analysis

Among the factors of the nomogram prediction model, the
DCA analysis of the complex model constructed using the three
factors of “PD-L1,” “TMB,” and “neutrophils” and the simple model
constructed using the three indexes individually is shown in
Figure 5. The complex model had a higher net benefit ratio than
the simple model for all thresholds in the range of 0.1-0.6.

4 Discussion

As tumors have entered the era of immunotherapy, both
preclinical and clinical studies on the application of ICIs to
patients with NSCLC have achieved good efficacy; however, with
the wide application of ICIs in the clinic, especially for advanced
NSCLC patients, only 15%-30% of patients can benefit from
immunotherapy and survive for a long period of time, and even
immune hyperprogression occurs (14). Therefore, there is an urgent
need to identify suitable predictive biomarkers for precise tumor
therapy. Extensively studied predictors of tumor immunotherapy
include PD-L1, TMB, microsatellite instability (MSI), EGFR, and
tumor-infiltrating lymphocytes (TILs). However, most of them have
not been applied for detection before clinical immunization
treatment, and based on the results of many studies, it is
currently difficult for a single marker to achieve satisfactory
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TABLE 2 Correlation analysis of PD-L1, TMB and clinical features.

clinical characteristic

>10 muts/Mb <10 muts/Mb
Sex 0.141 0.004
Man 64 104 83 85
Women 14 38 14 38
age(years) 0.118 0.184
=60 57 89 69 77
<60 21 53 28 46
smoking history 0.158 0.003
Yes 39 57 53 43
No 39 85 44 80
Alcohol consumption history 0.488 0.023
Yes 22 34 32 24
No 56 108 65 99
Hypertension history 0.436 0.895
Yes 23 35 26 32
No 55 107 71 91
Diabetes history 0.540 0.708
Yes 11 16 11 16
No 67 126 86 107
T staging 0.067 0.001
T1~T2 44 77 65 56
T3~T4 34 65 67 32
N staging 0.458 0.717
NO~N2 50 98 64 84
N3 28 44 33 39
M staging 0.471 0.603
MO 38 62 46 54
M1 40 80 51 69
TNM staging 0.471 0.804
111 38 62 45 55
v 40 80 52 68
Pathological classification 0.274 0.560
squamous carcinoma 33 71 48 56
Adenocarcinoma 45 71 49 67
PD-L1(%) 30.31 + 3.39 29.96 + 2.90 0.937
TMB (muts/Mb) 10.81 £ 0.91 8.20 + 0.43 0.004
Neut(*1019/L) 528 £0.25 4.87 £0.19 0.193 5.01 +0.17 5.02 +0.23 0.967
LYM(*1079/L) 1.87 £ 0.24 1.54 £ 0.05 0.09 1.81 £ 0.20 1.54 £ 0.06 0.139
NLR 3.88 £ 0.55 3.47 +0.20 0.396 327 £023 3.89 £ 0.38 0.186
Alb(g/L) 39.01 +0.63 39.12 + 0.34 0.866 39.58 + 0.52 38.69 + 0.38 0.160
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TABLE 3 Univariate analysis of ORR in NSCLC patients.

10.3389/fonc.2024.1342262

clinical characteristic OR 95%ClI P
genders(Man vs Women) -1.250 0.287 0.149~0.551 <0.001
age(years)(<60 vs=60) 0.840 2316 1.306~4.180 0.004
smoking history(yes vs no) 0.740 2.097 1.205~3.649 0.009
Alcohol consumption history(yes vs no) 0.367 1.444 0.771~2.704 0.251
Hypertension history(yes vs no) -0.142 0.868 0.474~1.589 0.646
Diabetes history(yes vs no) 0.626 1.869 0.780~4.478 0.160
T staging (T1~2 vs T3~4) -0.237 0.789 0.461~1.351 0.388
N staging(N0~2 vs N3) -0.132 0.876 0.496~1.547 0.649
M staging(MO vs M1) 0.130 0.636 0.665~1.948 0.636
TNM staging(ITlvs IV) 0.055 1.056 0.617~1.807 0.842
Pathological classification(squamous carcinoma vs Adenocarcinoma) -0.679 0.507 0.294~0.875 0.015
PD-L1(%) 0.025 1.026 1.016~1.036 <0.001
TMB (muts/Mb) 0.157 1.170 1.101~1.243 <0.001
Neut(*1019/L) 1.511 4.533 2.437~8.429 <0.001
LYM(*1019/L) 0.154 1.166 0.830~1.639 0.375
NLR 0.143 1.154 1.008~1.321 0.038
Alb (g/L) 0.027 0.973 0.918~1.032 0.364

predictive efficiency. The combination of multiple predictive
markers to build a predictive model may be more effective in
predicting the efficacy of ICIs.

The treatment regimen used in this study was a combination of
anti-PD-1 ICIs and chemotherapy, which has become the standard
first-line treatment for advanced NSCLC without EGFR mutations
or high PD-L1 expression. Early studies (15) also showed that
chemotherapy can improve tumor immunogenicity by inducing
immunogenic cell death and new antigen release. Additionally both
radiotherapy (16) and targeted therapy (17) have synergistic effects
on ICIs. In the study of the correlation between short-term efficacy
in patients with NSCLC and patient clinical characteristics, the
results showed that male sex, age <60 years, history of smoking, and
squamous carcinoma were the highest in the ORR group, and the

TABLE 4 Multifactorial analysis of ORR in NSCLC patients.

differences were all statistically significant (P < 0.05). In addition,
PD-L1, TMB, neutrophils, lymphocytes, NLR, and albumin were
significantly correlated with ORR (P < 0.001). PD-L1 can be
expressed on the surface of many types of tumor cells, and PD-L1
detected by immunohistochemistry (IHC) has become the first
predictive biomarker for ICIs treatment approved by the Food
and Drug Administration (FDA). Theoretically, the higher the
expression level, the better the antitumor effect of ICIs. The
results of this study showed that the mean value of PD-L1 was
the highest in patients in the ORR group, which was also confirmed
by many studies (18, 19). However, some studies (20) showed that
even if ICIs were applied to patients with PD-L1 >50%, they
performed poorer than chemotherapy. Bradley et al. (21) showed
that patients with NSCLC with low PD-L1 expression had higher

clinical characteristic OR 95%ClI P
sex(Man vs Women) -0.250 0.779 0.309~1.964 0.596
smoking history(yes vs no) -0.080 0.923 0.423~2.013 0.923
age(years)(<60 vs>60) 0.448 1.565 0.768~3.189 0.218
Pathological classification(squamous carcinoma vs Adenocarcinoma) -0.690 0.502 0.245~1.026 0.059
PD-L1(%) 0.025 1.025 1.013~1.037 <0.001
TMB (muts/Mb) 0.152 1.165 1.082~1.254 <0.001
Neut(*1079/L) 1.353 3.869 1.766~8.477 0.001
NLR 0.098 1.103 0.958~1.271 0.172

Frontiers in Oncology

frontiersin.org


https://doi.org/10.3389/fonc.2024.1342262
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Shi et al.

10.3389/fonc.2024.1342262

— PD-L1(AUC=0.7104)
— Neut (AUC=0.7131)
— TMB(AUC=0.7139)

1.0-
0.8

2

£ 0.6+

2 0.4

Q

»n
0.2
0.0F——

00 02 04 06 0.3

T T T 1
1.0

1 - Specificity

FIGURE 2

ROC curve of ORR group predicted by PD-L1, TMB, and neutrophils for patients with NSCLC.

OS with ICIs than with chemotherapy. These studies have extended
the application of ICIs to patients with low PD-L1 expression.
Therefore, there is still great controversy regarding the criteria for
PD-LI expression in NSCLC. The second predictor included in this
study was TMB. TMB represents the number of mutations per
Megabyte (Mut/Mb) of DNA sequenced in a specific cancer (22),
and the FDA approved a TMB score of 210 mut/Mb as the
threshold for Pembrolizumab treatment of solid tumors, but the
suitability of TMB-H needs to be demonstrated by further clinical
studies. Similar to PD-LI, the higher the level of TMB expression
in the tumor tissue, the more likely it is to benefit from
immunotherapy. The results of this study showed that the mean
value of TMB was the highest in the patients in the ORR group,
as described previously. A number of studies (23, 24) have
confirmed this. For example, Marabelle et al (25) studied the
efficacy comparison between ICIs first-line immunotherapy and
chemotherapy drugs in patients with advanced NSCLC, and found
that ORR, PFS and OS in the immunotherapy group were relatively
better than those in the chemotherapy group. But McGrail et al (26)

studied the relationship between TMB and ICIs therapeutic efficacy
in more than 10,000 solid tumors, and found that [for some tumors,
such as breast cancer and prostate cancer, tumors with high TMB
expression had lower ORR, which also indicated that TMB could
not be completely used as a predictor of tumor immunotherapy.
Future studies are needed to analyze the differences between
different cancer types and establish TMB cutoff values in order to
create a more standardized approach to the clinical use of TMB.
Therefore, these limitations should be overcome before TMB can be
widely used in the clinic, making TMB one of the promising
predictive markers for immunotherapy.

Analysis of the correlation between PD-L1, TMB, and clinical
features showed that there was a correlation between PD-L1 and
EGFR, which was consistent with the results of Azuma et al. (27),
whereas the results of Jiang et al. (28) clearly indicated that there
was a negative correlation between EGFR mutation and PD-L1
expression. Therefore, it is suggested that expression of PD-L1 may
be related to the mechanism of drug resistance to EGFR-TKIs. One
study (29) found that in patients with NSCLC treated with EGFR-
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Construction of nomogram prediction model for NSCLC based on PD-L1, TMB, neutrophils.
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ROC curve for nomogram prediction model with AUC of 0.813

TKI, PD-L1-negative patients had a longer median progression-free
survival (mPFS), which confirmed this idea. It has also been
suggested (30) that EGFR-TKI treatment can downregulate PD-
L1 expression and indirectly enhance antitumor immunity.
Therefore, whether anti-PD-1/PD-L1 ICIs can be applied to
EGFR-TKI-sensitive patients, especially in EGFR-TKI-resistant
NSCLC patients, remains to be further studied. TMB grouping
with 10 muts/Mb as the threshold correlated with sex, smoking
history, drinking history, T stage, and EGFR. In a study of the
relationship between tobacco and TMB, some experimental results
showed that smoking can increase TMB (26, 31), and high TMB
expression can increase the efficacy of immunotherapy, which
explains why smokers are more sensitive to ICIs therapy. The
results of this study also showed that more patients in the ORR
group had a history of smoking. The results of this study showed a
correlation between EGFR mutation type and TMB (P = 0.047). The
results of this study (32) investigating the relationship between gene
mutations and TMB. The results showed that low TMB expression
was usually enriched in EGFR-mutant tumors, which is consistent
with the results of this study. The results of the present study were
inconsistent regarding the relationship between PD-L1 expression
and TMB. The results of PD-L1 grouping with a 50% threshold and
TMB numerical t-test showed a strong correlation (P = 0.004).
However, there was no significant correlation between TMB

grouping with 10 muts/Mb as the threshold and PD-L1 numerical
t-test results (P = 0.937). Most studies have shown no significant
correlation between them (20, 24, 33). Matthew et al. (24) showed
that the progression-free survival time of first-line ICIs therapy was
longer than that of chemotherapy in NSCLC patients with high
TMB expression, regardless of PD-L1 expression level. This further
suggests that the TMB is a beneficial biomarker for ICIs at all PD-L1
expression levels. Although this study showed no significant
correlation between TMB and PD-L1 expression, both had similar
predictive values. One study (32) investigated the efficacy of
immunotherapy in NSCLC patients grouped according to TMB
and PD-LI expression; it found that patients with higher TMB and
PD-L1 >50% had an ORR of up to 57% with anti-PD-1/PD-L1 IClIs,
so the inclusion of TMB and PD-LI expression in multivariate
prediction models should yield great predictive power.

In the present study, the value of peripheral blood cells in
predicting the short-term efficacy of immunotherapy was
unexpected. Compared to those in the non-ORR group, the
average values of neutrophils, lymphocytes, and NLR in the ORR
group were relatively higher, and the differences were statistically
significant. From the current studies on peripheral blood cells, most
studies show that low neutrophil and high lymphocyte counts are
positively correlated with the prognosis of tumors (34-37), which is
not consistent with the results of this study. The high neutrophil
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FIGURE 5
DCA curves for nomogram prediction models.
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count in this study positively correlated with short-term effects (P <
0.001). In humans, Neutrophils are the most abundant immune
cells, accounting for 50%-70% of all white blood cells (38).
Neutrophils participate in the composition of the tumor
microenvironment and secrete chemokines that promote tumor
proliferation, invasion, and angiogenesis, which are closely related
to the occurrence and development of tumors. However, the
number of neutrophils required to determine its effect on tumor
immune efficacy is not completely convincing. A previous study
(39) has proposed that the infiltrating neutrophils in the tumor have
two sides; the phenotype of promoting tumor growth and
metastasis, and the phenotype of inhibiting tumor growth.
Moreover, the heterogeneity of tumor-associated neutrophils
(TAN) was strong. According to phenotypic and functional
differences, the most common neutrophils were mainly N1 and
N2. N1 cells were anti-tumor neutrophils, while N2 cells showed the
function of promoting tumor progression (40, 41). It has been
proposed that infiltrating neutrophils in tumors can enhance their
anti-tumor activity by recruiting immune cells (42). The role of
neutrophil heterogeneity in immunotherapy has been widely
studied (43). According to their surface marker molecules, some
promote tumor growth, while others inhibit tumor progression.
Therefore, for different neutrophil phenotypes, some studies
targeting neutrophils have become the focus of research (44).
Wang et al. (45) found that CD300ld expressed on neutrophils is
a key immunosuppressive factor in the TME. Targeting CD3001d
provides a new direction for tumor immunotherapy. Most studies
have focused on the measurement of neutrophils, lymphocytes, and
NLR before immunotherapy. Immunotherapy can also induce
neutrophil responses and increase the number of neutrophils
infiltrating tumors. Therefore, it is important to infer the dynamic
changes in neutrophil numbers to predict the efficacy of
immunotherapy. Most studies have investigated the relationship
between neutrophils and the long-term prognosis of ICIs treatment,
very few studies have investigated their relationship with the short-
term efficacy of ICIs has. Moreover, studies (46) have shown that
neutrophils can stimulate T cell response and increase anti-tumor
response in the early stage of immunotherapy. In addition, there
exists a heterogeneity of neutrophils and complex responses in the
tumor immune microenvironment. Thus, more studies are needed
to confirm the role of neutrophils in immunotherapy and to
conclusively demonstrate that neutrophils are positively correlated
with immunologic efficacy.

In this study, through univariate and multivariate analyses of
ORR, it was determined that PD-L1, TMB, and neutrophils were
independent prognostic factors of ORR in patients with NSCLC,
and the AUC values of the ROC curves based on the three indices
were 0.7104, 0.7139, and 0.7131, respectively, indicating that the
three have good predictive efficiency. The line chart (nomogram)
model drawn according to these three indicators showed good
predictive ability, and the results showed that neutrophils and
TMB had the widest range of risk scores and the most significant
impact on prognosis. The AUC value under the ROC curve for the
predictive model was 0.813. According to the DCA curve, the net
return of the prediction model constructed using the three
indicators was higher than that of the single-index prediction
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model, which again proved its prediction efficiency. From these
results, it can be seen that the nomogram model constructed by the
expression level of PD-L1 and TMB combined with other
characteristics has a good predictive effect on the immune efficacy
of patients with advanced NSCLC. Sun et al. (47) constructed a
classification model based on PD-L1 and TILs and found that this
model was significant for the choice of ICI treatment. This study
provides feasibility for the predictive efficacy of PD-L1, TMB and
neutrophil models in NSCLC patients. But few studies have been
conducted on multiple variables to construct an ICI predictive
model. Therefore, we need to study more predictive factors, build a
more comprehensive prognostic model to predict the prognosis of
patients with NSCLC, and formulate more individualized
treatment strategies.

The current study has a few limitations. Firstly, the results of
PD-L1 and TMB testing were affected by different testing platforms
and the lack of uniform standards for diagnostic results. In addition,
the heterogeneity of PD-L1 and TMB expression affected the test
results. Furthermore, differences were noted in the PD-L1
expression levels between primary lung lesions and metastatic
brain tissues in NSCLC patients. Regarding the detection of TMB,
some studies (48) have shown that the detection success rate of
TMB in peripheral blood is higher than that in tumor tissue TMB;
however, this conclusion needs to be further confirmed. Secondly,
many factors influence the routine clinical blood index, which
cannot guarantee the accuracy of its influence on the results.
Finally, this was a single-center, retrospective study with a
relatively small sample size.

5 Conclusion

PD-L1, TMB, and neutrophils are prognostic factors for the
short-term efficacy of anti-PD-1 combined chemotherapy in
NSCLC. A predictive model constructed using these three
indicators could further improve the predictive efficiency of
ICIs efficacy.
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Background: Thyroid immune-related adverse events (irAEs) associated with
immune checkpoint inhibitor (ICI) treatment appear to correlate with a better
prognosis. We aimed to investigate clinical biomarkers associated with
thyroid irAEs.

Methods: We retrospectively analyzed data from 129 patients receiving
programmed cell death protein 1 (PD-1) inhibitors for stage Il and IV
gastrointestinal tumors. Patients were divided into two groups: “thyroid irAEs”
group and “no thyroid irAEs" group. We compared continuous variables using
Mann-Whitney U and Kruskal-Wallis tests and categorical variables using
Pearson’s chi—square test. Survival curves were generated using the Kaplan—
Meier method, and associations between clinical features and thyroid irAEs were
assessed using univariate and multivariate logistic regression models.
Associations for thyroid irAEs and outcomes [progression-free survival (PFS),
overall survival (OS)] of the patients were performed with a Cox proportional
hazard model.

Results: A total of 129 patients, including 66 gastric cancer, 30 esophageal
squamous cell carcinoma, and 33 hepatocellular carcinoma (HCC), were
involved in this analysis with 47 cases of thyroid irAEs occurrence. The Cox
proportional hazard model analysis confirmed the extended PFS [hazard rate
(HR) = 0.447, 95% confidence interval (Cl): 0.215 to 0.931, p = 0.031] and OS
(HR = 0.424, 95% CI: 0.201 to 0.893, p = 0.024) for thyroid irAEs group when
compared with those of the no thyroid irAEs group. Association between thyroid
irAEs and clinical characteristics at baseline was analyzed subsequently by
univariate analysis. Higher body mass index (p = 0.005), increased eosinophil
count (p = 0.014), increased lactate dehydrogenase (p = 0.008), higher baseline
thyroid stimulating hormone (TSH) (p = 0.001), HCC (p = 0.001) and increased
adenosine deaminase (ADA) (p = 0.001) were linked with thyroid irAEs
occurrence. The multivariable logistic regression model indicated that ADA
[odds rate (OR) = 4.756, 95% Cl: 1.147 to 19.729, p = 0.032] was independently
associated with thyroid irAEs occurrence.
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Conclusions: Increased baseline level of ADA was associated with thyroid irAEs
occurrence in patients with advanced gastrointestinal tumors who received ICI
treatment. In the case of abnormal ADA, attention should be paid to the risk of

thyroid irAEs.

KEYWORDS

thyroid, immune related adverse events, programmed cell death protein 1 inhibitors,
adenosine deaminase, clinical biomarkers

1 Introduction

The global incidence and mortality rates of gastrointestinal
tumors in China have reached approximately 50% (1), indicating
the necessity for increased attention toward their prevention,
diagnosis, and treatment. Since 2011, immune checkpoint
inhibitors (ICIs), which promote the anti-tumor immune
response of activated T cells by blocking the inhibitory signal,
including cytotoxic T-lymphocyte associated protein 4 inhibitors,
programmed cell death protein 1 (PD-1) inhibitors, and
programmed cell death ligand 1 inhibitors, have been used as a
treatment method for unresectable or metastatic melanoma, lung
cancer, breast cancer, and gastrointestinal tumors with
monotherapy or combined therapy (2). Immune-related adverse
events (irAEs) occur owing to the overactivation of the immune
system following ICI treatment. This overactivation triggers
enhanced T cell activity towards antigens found in both tumor
and normal tissues, inducing an inflammatory response and
alterations in the autoimmune environment, thereby initiating the
incidence of irAEs (3, 4). IrAEs appear to be associated with a
favorable prognosis for ICI treatment, however, severe adverse
reactions may necessitate discontinuation of medication and can
even be life-threatening (2).

IrAEs can affect various organs and systems, causing
dysfunction; thyroid dysfunction is a common endocrine irAE
with a widely range of incidence rates in different reports (5-7).
The mean incidence rate in phase III clinical trials is 10.8%,
especially in patients using anti-PD1 drugs (8). Thyroid
dysfunction includes primary hyperthyroidism, primary
hypothyroidism, central hypothyroidism, and biphasic thyroiditis
that transitions from transient hyperthyroidism to hypothyroidism
with severe grade in rare cases (6). Thyroid dysfunction as an irAE
has been associated with prolonged survival in various cancers,
including caseds of non-small cell lung carcinoma (NSCLC),
malignant melanoma, renal cell carcinoma, head and neck cancer,
and gastric cancer (4-6). However, thyroid dysfunction can lead to
metabolic abnormalities affecting the overall treatment effectiveness.

Few studies have focused on clinical biomarkers for the
occurrence and timely monitoring of thyroid dysfunction as an
irAE (5). High baseline levels of thyroid stimulating hormone
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(TSH) and positive thyroid related antibodies were associated
with the occurrence of thyroid irAEs, but others biomarkers
didn’t reach consensus. This study is aimed to investigate clinical
biomarkers for earlier diagnosis and follow-up of thyroid irAEs.
Adenosine deaminase (ADA) is associated with the immune status
in patients with solid tumors, with alterations observed during
thyroid dysfunction occurred. ADA is a key enzyme regulating
purine metabolism by degrading adenosine, thereby reducing its
inhibitory effects on the immune system. Currently, no research has
focused on the role of ADA in the occurrence of irAEs. In this study,
we aimed to identify clinical biomarkers for the occurrence of
thyroid irAEs.

2 Materials and methods

2.1 Patients

Patients diagnosed with stage III and IV gastrointestinal tumors
and undergoing treatment with anti-PD-1 antibody monotherapy
or combined therapy (chemotherapy or targeted therapy) at The
Fourth Hospital of Hebei Medical University from November 2018
and November 2021 were included in this study. The inclusion
criteria were: (1) any cancer type treated with a minimum of two
courses of ICIs; (2) availability of serum thyroid hormone
evaluation at baseline; and (3) availability of at least two different
serum thyroid hormone evaluations during ICI treatment. The
exclusion criteria were: (1) a surgical history of thyroid disease;
(2) a history of head and neck radiotherapy; (3) a history of pituitary
disease; (4) abnormal baseline thyroid hormone, and (5) a history of
treatment with amiodarone. Clinical information, including age,
sex, body mass index (BMI), cancer type, Eastern Cooperative
Oncology Group Performance Status (ECOG PS), TNM stage,
treatment lines, treatment regimen, irAEs, baseline peripheral
blood markers, baseline thyroid function tests, and posttreatment
thyroid function tests, was obtained from electronic medical
records. The National Cancer Institute Common Terminology
Criteria for Adverse Events ver. 4.03 (https://ctep.cancer.gov/
protocolDevelopment/electronic_applications/ctc.htm#ctc 40)
were used for irAE assessment.
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All procedures were approved by the Ethics Committee of the
Fourth Hospital of Hebei Medical University. This retrospective
study analyzed existing data, and the requirement for informed
consent was waived.

2.2 Treatment and assessment

Patients received standard anti-PD-1 antibodies (sintilimab,
camrelizumab, pembrolizumab, toripalimab, and tisleizumab)
every 3 weeks as monotherapy or combined therapy (targeted
therapy/chemotherapy) until disease progression, clinical
worsening, unacceptable toxicity, or patient refusal. No cytotoxic
T lymphocyte-associated antigen-4 inhibitor was used in these
patients. Clinical and laboratory tests were performed during each
cycle before dosing. Body computed tomography or magnetic
resonance imaging scans were performed every 2-3 cycles.
Progression-free survival (PFS) was defined as the time from the
first administration of anti-PD-1 therapy to disease progression,
death, or the study cutoff; overall survival (OS) was defined as the
time from the commencement of anti-PD-1 therapy to death or the
study cutoff values. PFS and OS were evaluated using the Response
Evaluation Criteria in Solid Tumors version 1.1 as the
study endpoints.

Patients were divided into two groups based on thyroid function
outcomes: the “thyroid irAEs” group and the “no thyroid irAEs”
group. Thyrotoxicosis was defined as a TSH level <0.34 mIU/L, with
free thyroxine (FT4) or total thyroxine (TT4) levels within or above
the reference range. Hypothyroidism was characterized by a TSH
level above the upper reference range, with FT4 or TT4 levels within
or below the lower reference interval. Biphasic thyroiditis indicated
transient thyrotoxicosis transitioning into hypothyroidism during
follow-up. Thyroid function was measured using established
reference ranges: TSH, 0.34-5.6 mIU/L; FT4, 7.98-16.02 pmol/L;
free triiodothyronine, 3.53-7.37 pmol/L; TT4, 69.71-163.95 nmol/
L; total triiodothyronine, 0.92-2.38 nmol/L; anti-thyroid peroxidase
antibodies (TPOAb), <9 IU/mL; and thyroglobulin antibody
(TGADb), <4 IU/mL.

2.3 Statistical analysis

Continuous variables were compared using Mann-Whitney U
and Kruskal-Wallis tests, while categorical variables were analyzed
using Pearson’s chi-square test. Survival curves were drawn using
the Kaplan-Meier method. The associations between clinical
features and thyroid irAEs were assessed using univariate and
multivariate logistic regression models. The association between
the clinical features and survival was analyzed using the log-rank
test. The associations between thyroid irAEs and outcomes (PES,
OS) of the patients were performed with a COX proportional
hazard model. The receiver operating characteristic (ROC) curve
analysis determined the best cutoff value. All results were
considered statistically significant at p <0.05. Statistical analysis
was performed using SPSS version 25.0 software (IBM Corp,

Frontiers in Immunology

10.3389/fimmu.2024.1381061

Armonk, NY, USA), and figures were generated using GraphPad
Prism version 9 (GraphPad Software, San Diego, CA, USA).

3 Results

3.1 Clinical characteristics analysis for
thyroid irAEs and no-irAEs groups

In the cohort, 129 inpatients including 60 females and 69 males
were involved in this study, with a median age of 63 years
[interquartile range (IQR) 56-69 years], a median PES of 146
days [95% confidence interval (CI): 181.44-241.21 days] and a
median OS of 239 days (95% CI: 260.78-322.32 days). Gastric
cancer was the most common type of tumor (n = 66, 51.2%), while
33 patients had hepatocellular carcinoma (HCC), and 30 patients
had esophageal squamous cell carcinoma. Thyroid irAEs were
observed in 47 patients (11 thyrotoxicosis, 27 hypothyroidism, 9
biphasic thyroiditis), with a median of 3 (IQR 2-5) cycles of
treatment. Patients with HCC were more prone to thyroid irAEs
compared with other cancer types. The baseline information is
shown in Table 1.

3.2 Thyroid irAEs associated with disease
control rate, PFS and OS

As shown in Table 1, BMI, tumor type, ADA level, lactate
dehydrogenase (LDH) level, and baseline TSH level differed
between the thyroid irAEs and no thyroid irAEs groups,
demonstrating that the baseline status of these indicators affected
the occurrence of thyroid irAEs. The distribution frequency of
thyroid irAEs incidence was not different for these 5 antibodies (p =
0.867). In Table 2, the disease control rate (DCR) between the two
groups was significantly different (p= 0.002), which was observed
85.1% (95%CI:74.9% to 95.3%) in the thyroid irAEs group and
61.0% (95%CI:50.4% to 71.5%) in the no thyroid irAEs group.

The Kaplan-Meier curves of PFS and OS between the two
groups are shown in Figure 1. The PES analysis displayed a
differentiated trend without statistical difference, while the median
PFS in the thyroid irAEs group (559 [95% CI: 348-1142] days) was
higher than that in the no-irAEs group (360 [95% CI: 247-441]
days) (p = 0.052). The median OS in the no- irAEs group was 408
(95% CI: 235-499) days, which was lower than that (611 days [95%
CI: 367-1123) days) in the thyroid irAEs group (p = 0.013).
Univariate and multivariate analysis were performed for these
clinical characteristics and outcomes (PFS and OS) in these
patients. In Table 3, the multivariate analysis indicated the
thyroid irAEs group [hazard rate (HR) = 0.447, 95%CI: 0.215 to
0.931, p = 0.031 for PES; HR = 0.424, 95%CI: 0.201 to 0.893, p =
0.024 for OS] and treatment line (>2) (HR = 3.360, 95%CI: 1.592 to
7.092, p = 0.001 for PES; HR = 2.137, 95%CI: 1.037 to 4.405, p =
0.040 for OS) were linked with outcome of these patients with
gastrointestinal cancer. Higher level of neutrophil: lymphocyte ratio
(NLR) was associated with a shorter OS at statistical levels (HR =
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TABLE 1 Characteristics of patients with and without thyroid immune-related adverse events (irAEs).

Total N (%) \[e) ti&yg)é% )irAEs Thy'\rlgi'd(‘;')AEs
Total N 120 (100) 82 (63.6) 47 (36.4)

‘ Sex
female 60 (46.5) 37 (45.1) 23 (48.9) 0.676
male 69 (53.5) 45 (54.9) 24 (51.1)

‘ Age(years)
<60 51 (39.5) 29 (35.4) 22 (46.8) 0.201
>60 78 (60.5) 53 (64.6) 25 (53.2)

‘ BMI (kg/m?)
<21.06 54 (41.9) 42 (512) 12 (25.5) 0.004
>21.06 75 (58.1) 40 (48.8) 35 (74.5)

‘ ECOG PS
<1 60 (46.5) 36 (43.9) 24 (51.1) 0.433
>1 69 (53.5) 46 (56.1) 23 (48.9)

Treatment Line

<2 100 (77.5) 61 (74.4) 39 (83.0) 0.261

>2 29 (22.5) 21 (25.6) 8 (17.0)

Anti-PD-1 antibodies

Sintilimab 31(24.0) 20(24.4) 11(23.4) 0.867
Camrelizumab 51(39.5) 31(37.8) 20(42.6)

Pembrolizumab 19(14.7) 11(13.4) 8(17.0)

Toripalimab 6(4.7) 4(4.9) 2(4.3)

Tisleizumab 22(17.1) 16(19.5) 6(12.8)

Disease Status

III 47 (36.4) 30 (36.6) 17 (36.2) 0.962

v 82 (63.6) 52 (63.4) 30 (63.8)

Tumor Types

HCC 33 (25.6) 12 (14.6) 21 (44.7) 0.001
Esophageal squamous cell carcinoma 30 (23.3) 19 (23.2) 11 (23.4)
Gastric cancer 66 (51.2) 51 (62.2) 15 (31.9)

Concurrent therapy

Chemotherapy drugs 55 (42.6) 40 (48.8) 15 (31.9) 0.062
Targeted drugs 74 (57.4) 42 (51.2) 32 (68.1)

‘ Other irAEs
No 111 (86.0) 71 (86.6) 40 (85.1) 0.816
Yes 18 (14.0) 11 (13.4) 7 (14.9)

‘ TPOAb
Negative 84 (80.0) 58 (85.3) 26 (70.33) 0.066
Positive 21 (20.0) 10 (14.7) 10 (29.7)

(Continued)
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TABLE 1 Continued

Total N (%)

10.3389/fimmu.2024.1381061

No thyroid irAEs

Thyroid irAEs

No. (%) No. (%)

TGAb

Negative 84 (80.0) 56 (82.4) 28 (75.7) 0.414

Positive 21 (20.0) 12 (17.6) 9 (24.3)
Clinical Baseline Value[Median (IQR)]
NLR 3.47 (2.90) 3.24 (2.70) 3,57 (3.57) 0.391
PLR 181.15 (140.43) 181.36 (135.39) 177.91 (164.39) 0.483
Eosinophil count (x 10°/L) 0.08 (0.13) 0.08 (0.11) 0.09 (0.19) 0.145
ADA(U/L) 11.90 (7.55) 10.90 (5.10) 14.20 (11.28) 0.005
LDH(U/L) 182.00 (82.68) 175.00 (67.50) 192.30 (135.00) 0.004
Baseline TSH (mIU/L) 1.67 (1.37) 1.48 (1.05) 224 (1.44) 0.001

IQR, interquartile range; NLR, neutrophil-to-lymphocyte ratio; PLR, platelet-to-lymphocyte ratio; ADA, adenosine deaminase; LDH, lactate dehydrogenase.

2.265, 95%CI: 1.138 to 4.508, p = 0.020). These data indicate that
thyroid irAEs were associated with a better prognosis for these
cancer patients after ICI treatment.

3.3 The association analysis for clinical
characteristics and thyroid irAEs

The thyroid irAEs identified in this study were mild (grade 1-2).
The association between thyroid irAEs and clinical characteristics at
baseline was analyzed subsequently by univariate analysis. Higher
BMI (p = 0.005), increased eosinophil count (p = 0.014), increased
LDH (p = 0.008), higher TSH (p = 0.001), HCC (p = 0.001) and
increased ADA (p = 0.001) were linked with thyroid irAEs
occurrence. The multivariate analysis, shown in Table 4, indicated
that higher BMI [odds rate (OR) = 5.095, 95%CI: 1.316 to 19.730,
p =0.018], increased eosinophil count (OR = 7.553, 95%CI: 1.940 to
29.400, p = 0.004), increased ADA (OR = 4.756, 95%CI: 1.147 to
19.729, p = 0.032), higher TSH (OR = 3.540, 95%CI: 1.007 to 12.440,
p = 0.049), lower ECOG PS level (OR = 0.221, 95%CI: 0.054 to
0.899, p = 0.035), and positive TPOAb (OR = 11.326, 95%CI: 1.637
to 78.355, p = 0.014) were independently associated with the
occurrence of thyroid irAEs.

4 Discussion

Thyroid irAEs were the most prevalent PD-1 inhibitors related
irAEs including hypothyroidism, hyperthyroidism, biphasic
thyroiditis, and central hypothyroidism, with hypothyroidism
comprises the majority (9). Our study revealed thyroid irAEs in
47 out of 129 patients (36.4%), which is comparable to previous
reports (42%) (4). Despite the occurrence of thyroid irAEs, most
patients exhibited a low fatality rate and manifested symptoms,
such as arrhythmia, myxedema, and marasmus (10). Timely
monitoring of thyroid function is crucial to prevent thyroid
dysfunction in cancer patients receiving the ICI treatment and
maintain sustained therapeutic effects. Patients with thyroid irAEs
tended to a longer OS and a trend of longer PFS than those without
thyroid dysfunction, which was also comparable to the previous
reports (6).

Patients with HCC were more prone to thyroid thyroid irAEs
compared with other cancer types, although this conclusion needs to
be validated in a larger population. The liver is the site for thyroid
hormone synthesis and metabolism, HCC can initiate more synthesis
and secretion of thyroxine binding globulin, which contributes to the
occurrence of hypothyroidism by augmented thyroxine binding
globulin-T4 binding (11, 12). In addition, signaling pathways, such

TABLE 2 Effect of thyroid immune-related adverse events (irAEs) on immune checkpoint inhibitor (ICl) efficacy.

Total No thyroid irAEs Thyroid irAEs P
PD 38 32 6 -
D 59 34 25 -
PR 300 16 14 -
CR 2 0 2 -
ORR 24.8% (16.5-30.6%) 19.5% (10.9-28.1%) 34.0% (20.5-47.6%) 0.066
DCR 69.8% (61.6-76.9%) 61.0% (50.4-71.5%) 85.1% (74.9-95.3%) 0.004

SD, stable disease; PR, partial response; PD, progressive disease; CR, complete response; ORR, objective response rate; DCR, disease control rate.
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FIGURE 1

Association of thyroid irAEs with patient prognosis. (A) Kaplan—Meier curve showing PFS; (B) Kaplan-Meier curve illustrating OS.

as TGF-B, Wnt, and Hedgehog, midiate inflammation and fibrosis of
HCC, which can regulate the metabolism of thyroid hormones. Liver
abnormalities are more likely to induce the abnormalities of thyroid
hormone metabolism, which may be one of the reasons why patients
with HCC are more prone to thyroid irAEs (13).

Our investigation identified a higher baseline level of ADA
(>14.05 U/L) as an independent biomarker associated with
thyroid irAEs. ADA, a key enzyme involved in purine metabolism

TABLE 3 Multivariate analysis of PFS and OS with COX regression models.

10.3389/fimmu.2024.1381061

~ 1007 =~ No thyroid irAE group
2
H —— Thyroid irAE group
H
H
2
= 50
£
2
]
2 [-0.013
2 JHR=0.466(95%C1:0.2598 to 0.8360)
A 1 1 il
[] 200 400 600 800
0S(days)
No. at risk
No thyroid irAE group 82 41 11 1 0
Thyroid irAE group 47 37 22 7 1

and immune system regulation, has been associated with thyroid
autoimmune diseases at the transcriptional level (14). It can activate
T lymphocytes (15) as well as alleviate immunosuppressive effects
by degrading adenosine (16). The adenosine receptors on the
dendritic cells (DCs) can interact with CD26 on the surface of T
cells to mediate the CD4+ T cell differentiation (17), DCs deliver
antigens to CD4+ T cells so as to stimulate the production of
thyroid related antibodies, thereby destroying the thyroid follicular

PFS (O}
95%Cl 95%Cl
Age (years)
<60 Reference Reference
560 1.080 0.552-2.114 0.822 1441 0.746-2.783 0.277
BMI (kg/m2)
<21.06 Reference 0.191 Reference 0.158
>21.06 0.645 0.334-1.244 0.626 0.326-1.201
ECOG PS
<! Reference 0.778-3.189 0.207 Reference 0.785-3.206 0.198
>1 1.577 1.587
Treatment Line
<2 Reference 0.001 Reference 0.040
>2 3.360 1.592-7.092 2137 1.037-4.405
Tumor Types
HCC Reference Reference
Esophageal squamous cell carcinoma 0.431 0.143-1.298 0.135 0.574 0.200-1.643 0.301
Gastric cancer 0.515 0.218-1.221 0.132 0.744 0.273-2.026 0.563
NLR
<3.26 Reference Reference
53.26 1637 0.841-3.189 0.147 2265 1.138-4.508 0.020
Thyroid irAEs
No Reference 0.031 Reference 0.024
Yes 0.447 0.215-0.931 0.424 0.201-0.893

NLR, neutrophil: lymphocyte ratio.
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TABLE 4 Univariate and multivariate analysis of thyroid immune-related adverse events (irAEs) with Logistic regression models.

Univariate analysis Multivariate analysis
95% ClI OR 95% CI
Sex
female Reference 0.676 Reference 0.455
male 0.858 0.418-1.7760 1.698 0.423-6.809

Age (years)

<60 Reference 0.202 Reference 0.833
>60 0.622 0.300-1.291 0.878 0.263-2.936

‘ BMI (kg/m?)
<21.06 Reference 0.005 Reference 0.018
>21.06 3.062 1.396-6.719 5.095 1.316-19.730

‘ ECOG PS
<1 Reference 0.433 Reference 0.035
>1 0.750 0.365-1.540 0.221 0.054-0.899

Tumor Types

Gastric Cance Reference Reference
HCC 5.950 2.387-14.833 0.001 5.467 0.884-33.824 0.068
Esophageal squamous cell carcinoma 0.968 0.769-5.037 0.158 0.816 0.128-5.218 0.830
‘ TPOAb
Negative Reference 0.071 Reference 0.014
Positive 2.454 0.927-6.495 11.326 1.637-78.355
‘ TGAb
Negative Reference 0.416 Reference 0.451
Positive 1.500 0.565-3.981 0.458 0.060-3.484
‘ NLR
<3.26 Reference 0.100 Reference 0.711
>3.26 1.853 0.888-3.868 1.288 0.338-4.906
‘ PLR
<286.48 Reference 0.383 Reference 0.076
>286.48 1.484 0.611-3.603 3.999 0.863-18.528

Eosinophil count)

<0.20 x 10°/L Reference 0.014 Reference 0.004
>0.20 x 10°/L 3.026 1.251-7.315 7.553 1.940-29.400

‘ ADA (U/L)
<14.05 Reference 0.001 Reference 0.032
>14.05 4.304 1.952-9.492 4.756 1.147-19.729

‘ LDH (U/L)
<173.50 Reference 0.008 Reference 0.513
>173.50 3.042 1.336-6.927 1.552 0.416-5.792

(Continued)
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TABLE 4 Continued

Univariate analysis

95% ClI OR

10.3389/fimmu.2024.1381061

Multivariate analysis

95% CI

Baseline TSH (mIU/L)

<2.205 Reference

0.001 Reference 0.049

>2.205 4.040

1.860-8.776

3.540 1.007-12.440

cells (18). In addition, the number of DCs increased significantly
when thyroid autoimmune response occurred to aggravate the
immune response (19). ADA might modify the thyroid irAEs by
stimulating DCs and T cells through the adenosine receptors on
DCs. The increasing of ADA after ICI treatment especially in
thyroid irAEs patients reminds us to pay attention to the change
of thyroid function.

We identified BMI (>21.06 kg/m*), ECOG PS (<1) and
eosinophil count (>0.20 x 10°/L) as associated factors for thyroid
irAEs. Consistent report demonstrated that a higher BMI is
associated with increased incidence of irAEs and improved
outcomes in various cancers such as NSCLC, melanoma,
renal cell carcinoma, head and neck tumors, and epithelial
urothelial carcinoma (20, 21). Additionally, a study involving
approximately 19% of patients with gastrointestinal tumors
suggested a correlation between higher BMI and increased risk of
overt thyroid dysfunction in ICI-treated cancers (21). Our study
corroborated these findings, demonstrating that patients with
gastrointestinal tumors and higher BMI are more susceptible to
thyroid irAEs. One plausible explanation for this association is that
obesity induces systemic inflammation and compromises immune
response through modulation of leptin secretion, which is known to
correlate with PD-1 expression in CD8+ T cells (22).

In our previous study, we observed that a lower ECOG PS was
associated with a better prognosis (23). However, the relationship
between ECOG PS and irAEs remains contentious due to the
limited data. While ECOG PS (<1) was identified as an
independent risk factor for irAEs in patients with NSCLC who
received ICI treatment (24), however, another study found no
significant association between ECOG PS and irAEs for patients
with metastatic renal cell carcinoma who received ICI treatment
(25). This potential association between ECOG PS and thyroid
irAEs should be re-evaluated in a larger population.

Additionally, higher eosinophil count (>0.20 x 10°/L), higher
level of TSH (>2.205mIU/L) and positivie TPOAD were identified as
baseline factors for thyroid irAEs association in gastrointestinal
tumors, which was also consistent with previous findings in solid
tumors (26-28).

5 Conclusions

Increased baseline level of ADA was associated with thyroid
irAEs occurrence in patients with advanced gastrointestinal tumors
who received ICI treatment. In the case of abnormal ADA, attention
should be paid to the risk of thyroid irAEs.
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Background: The immune system plays an important role in the development
and treatment of thyroid cancer(THCA).However, the correlation between
immune cells and THCA has not been systematically studied.

Methods: This study used a two-sample Mendelian randomization (MR) study to
determine the causal relationship between immune cell characteristics and
THCA. Based on a large sample of publicly available genetic data, we explored
the causal relationship between 731 immune cell characteristics and THCA risk.
The 731 immunophenotypes were divided into 7 groups, including B cell panel
(n=190),cDC panel(n=64),Maturation stages of T cell panel(n=79),Monocyte
panel(n=43),Myeloid cell panel(n=64), TBNK panel(n=124),and Treg panel
(n=167). The sensitivity of the results was analyzed, and heterogeneity and
horizontal pleiotropy were excluded.

Results: After FDR correction, the effect of immunophenotype on THCA was not
statistically significant. It is worth mentioning, however, that there are some
unadjusted low P-values phenotypes. The odds ratio (OR) of CD62L on monocyte
on THCA risk was estimated to be 0.953 (95% Cl=0.930~0.976, P=1.005x10™%),and
which was estimated to be 0.975(95% Cl=0.961-0.989, P=7.984x10~%) for Resting
Treg%CD4 on THCA risk. Furthermore, THCA was associated with a reduced risk of
5 immunophenotype:CD25 on CD39+ CD4 on Treg (OR=0.871, 95%
Cl=0.812~0.935, P=1.274x10"%), activated Treg AC (OR=0.884, 95%
Cl=0.820~0.953, P=0.001), activated & resting Treg % CD4 Treg (OR=0.872,
95%Cl=0.811~0.937,P=2.109x10"%),CD28- CD25++ CD8br AC(OR=0.867,95%
Cl=0.809~0.930,P=6.09x10"°),CD28-CD127-CD25++CD8brAC(OR=0.875,95%
Cl=0.814~0.942,P=3.619x10%) . THCA was associated with an increased risk of
Secreting Treg % CD4 Treg (OR=1.143, 95% Cl=1.064~1.229, P=2.779x10~% and
CD19 on IgD+ CD24+ (OR=1.118, 95% Cl=1.041~1.120, P=0.002).

Conclusions: These findings suggest the causal associations between immune
cells and THCA by genetic means. Our results may have the potential to provide
guidance for future clinical research.

KEYWORDS

immunophenotypes, causal inference, Mendelian randomization study, thyroid
cancer, immunotherapy
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1 Introduction

Thyroid cancer (THCA) is the most common malignancy of the
endocrine system. The incidence of THCA has been increasing over
the past few decades (1). According to the GLOBOCAN 2020 Cancer
Incidence and Mortality database of the World Health Organization’s
International Agency for Research on Cancer, thyroid cancer ranks
ninth in the global incidence of cancer (2, 3). Thyroid cancer has
become the most common malignancy among adolescents and adults
aged 16-33 years (4). Although most patients with THCA are cured
by 131I or surgery, a small percentage die from metastasis or
recurrence (5). One study showed that 28% of THCA patients
relapsed and 9% of THCA patients died (6). Part of the reason is
that in the process of tumor development, the interaction and
collective action between the tumor and the surrounding immune
microenvironment promote immune tolerance, and then develop
into immune escape, resulting in the inability of the body to
completely clear the tumor. In recent years, important progress
has been made in the treatment of tumor immune-related
regulation (7, 8). Studies have shown that, the immune system
plays a key role in the occurrence and development of tumor.
Tumor cells are recognized and eliminated by various immune cells
in the body (9). Mantovani A et al. found that both innate and
acquired immune responses can promote cancer initiation and tumor
growth, or have anticancer effects (10). Previous studies have found
that macrophage-targeted therapy can be used for invasive THCA,
especially for THCA with high tumor-associated macrophage (TAM)
content. Despite immunotherapy, including tumor vaccine therapy,
immune checkpoints Inhibitor therapy, adoptive immune cell
therapy, monoclonal antibody therapy and immunoregulatory cell
targeting therapy have been widely used in the clinical treatment of
thyroid cancer (8), but the correlation between immune cells and
THCA has not been systematically studied.

Recently, Mendelian randomization (MR) studies based on
whole genome sequencing data have been an effective and
powerful statistical method to uncover causality by using genetic
variation as an instrumental variable (IVs) (11). MR analysis makes
use of the fixed nature and heredity of genes, that is, when meiosis
gametes are formed, alleles of parents are randomly assigned to
offspring, and the relationship between genes and outcome is not
interfered by common confounding factors such as postnatal
environment, behavioral habits, and social economy, so the causal
relationship derived from this is reasonable (12).

In this study, we performed a comprehensive two-sample
MR analysis to determine the causal association between
immunophenotypes and THCA.

2 Materials and methods

2.1 Study design

Through a two-sample MR Analysis, we analyzed the causal
relationship between 731 immune cell characteristics (7 groups)
and THCA. MR analysis uses genetic variation as a working variable
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to estimate the causal relationship between the exposure factor of
interest and the outcome of concern. Therefore, the effective
instrumental variables (IVs) in MR Analysis must satisfy three
key assumptions:(1) The association hypothesis: genetic variation
needs to have a strong correlation with exposure factors, and if weak
IVs are used, the results are prone to bias; (2) Independence
hypothesis: genetic variation cannot be associated with possible
confounders; (3) Exclusivity hypothesis: genetic variation can only
affect outcomes through exposure, but not through other factors.
Data for analysis included in our study were obtained with the
approval of the relevant institutional review boards, and study
participants provided informed consent.

2.2 Data sources

The genetic variation of each immune trait was obtained from
the GWAS catalog (registration numbers GCST0001391 to
GCST0002121) (13), which is the largest GWAS published so far
on peripheral blood immune phenotypes. The total of 731
immunophenotypes were divided into 7 groups, including B cell
panel(n=190),cDC panel(n=64),Maturation stages of T cell panel
(n=79),Monocyte panel(n=43),Myeloid cell panel(n=64),TBNK
panel(n=124),and Treg panel(n=167).

The initial immune characteristics of GWAS were analyzed using
data from 3757 Europeans (57% female) without overlapping cohorts.
About 22 million single nucleotide polymorphisms(SNPs) genotyped
using high-density arrays were estimated using a reference panel based
on Sardinian sequences and tested the correlation after adjusting for
covariates (i.e.sex, age) (14). GWAS summary statistics for THCA were
obtained from a GWAS, which was downloaded at FinnGen
consortiums, including 491,974 European individuals (Neuse = 1,054,
Neontrol = 490,920), with approximately 24.2 million variants analyzed
after quality control and imputation.

2.3 Selection of instrumental variables

In this study, IVs were selected according to the following
selection criteria:(1)SNPs strongly associated with exposure factors
were selected (p<1><10’5); (2)Linkage disequilibrium(LD) was
? <0.1 within 500 KB distance; (3)Instrumental
variable correlation assessment: select F>10 to avoid bias caused by

removed using r

weak tools; (4) When palindromic SNPs exist, the allele frequency
information is used to infer the front chain allele.

2.4 Statistical analysis

We used the following statistical methods to make causal
inference of MR Analysis to evaluate the causal relationship
between 731 immunophenotypes and THCA:(1)Inverse variance
weighting (IVW) (15) was used as the main analysis; (2)Cochran’s
Q statistic and MR pleiotropy residual sum and outlier (MR-
PRESSO) (16) were used to analyze the heterogeneity of SNPs.
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(3)MR-Egger (17) and Leave-one-out method were used to analyze
the sensitivity of the results. (4) The significant association between
immunophenotype and THCA was corrected for false discovery
rate (FDR) to control for the proportion of false positives in
multiple tests. In addition, according to the IVs generated by
THCA GWAS statistical data, reverse MR analysis was conducted
to determine whether there was a causal relationship between
THCA and immune traits. P<0.05 indicates the potential causal
relationship in MR analysis, which is statistically significant. All
statistical analyses were conducted using the “T'wo-Sample MR”
package in R 4.3.1 software (http://www.Rproject.org).

3 Results

3.1 Exploration of the causal effect of
THCA onset on immunophenotypes

Using two-sample MR analysis to explore the causal effects of
THCA onset on immunophenotypes. After a variety of tests and
adjustments using the FDR method, 7 immune traits were identified
with a difference of 0.05, including 6 in the Treg group and 1 in the
B cell group. We found that THCA onset could decrease the level of
CD25 on CD39+ CD4 on Treg (OR=0.871, 95% CI=0.812~0.935,
P=1.274x10"* PFDR= 0.01, Table 1). Activated Treg AC were
decreased in THCA patients (OR=0.884, 95% CI=0.820~0.953,
P=0.001, PFDR =0.03, Table 1). Activated & resting Treg % CD4
Treg was also found to be decreased (OR=0.872, 95%
CI=0.811~0.937,P=2.109x10"*, PFDR = 0.013, Table 1). Similar
associations were found for CD28- CD25++ CD8br AC (OR=0.867,
95% CI=0.809~0.930, P=6.09x10">, PEDR = 0.006, Table 1), and
CD28- CD127- CD25++ CD8br AC (OR=0.875, 95%
CI=0.814~0.942,P=3.619x10"*, PFDR = 0.017, Table 1). By
contrary, We found that THCA onset could increase the level of
Secreting Treg % CD4 Treg (OR=1.143, 95% CI=1.064~1.229,
P=2.779x10"*, PFDR=0.016, Table 1), and CD19 on IgD+ CD24+
(OR=1.118, 95% CI=1.041~1.120, P=0.002, PFDR = 0.048, Table 1).
The MR effect of THCA onset on immunophenotypes in different
MR method was showed in Figure 1. Visual inspection of funnel
plots (Figure 2) and leave-one-out plots (Figure 3) did not reveal
any obvious directional pleiotropy.

3.2 Exploration of the causal effect of
immunophenotypes on THCA

After multiple experimental adjustments based on the FDR
method, no immune characteristics at a significance of 0.05 were
found. At a significance of 0.20, we detected two immune traits as
protective effects against THCA: CD62L on monocyte(cDC panel),
with the odds ratio(OR) being estimated to be 0.953 (95%
CI=0.930~0.976, P=1.005x10"*, PFDR=0.073, Table 2), and
Resting Treg%CD4 (Treg panel),with the odds ratio(OR) being
estimated to be 0.975(95% CI=0.961-0.989,P=7.984x10"*%,
PFDR=0.195, Table 2).The MR effect of each exposure on THCA
in different MR method was showed in Figure 4. Visual inspection
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of funnel plots (Figure 5) and leave-one-out plots (Figure 6) did not
reveal any obvious directional pleiotropy.

4 Discussion

The relationship between the immune system and THCA has
always been a research hotspot. THCA is a malignant tumor that
occurs in thyroid tissue, and the immune system plays an important
role in the development and treatment of THCA. In THCA,
immune cell interactions or interactions with cancer cells can
exert anti-tumor and pro-tumor functions. In addition, various
soluble factors released by immune cells (such as chemokines,
cytokines, angiogenic factors, etc.) can also mediate the pro-
tumor and anti-tumor effects of immune cells in cancer.

Galdiero et al. proposed that the immune system may be involved
in the occurrence of THCA (18). Previous meta-analyses and
systematic reviews of observational studies have also demonstrated
an association between THCA and certain immune factors (e.g,
neutrophils, Natural killer T cells, ¥§ T cells and innate lymphoid
cells) (9, 19). However, observational studies may introduce
confounding factors, and they cannot always differentiate between
symptoms and etiology. Using genetically predicted causal effects of
immunophenotypes on THCA, our results do not align with the
previous findings.

It is well known that inflammation helps tumor development
(20), and the immune system may prevent tumor growth by
eliminating infections in a timely manner. Willimsky G et al. found
that the immune system seems to have little effect on the onset of
tumors, with some parts of the immune system showing a clear
protective effect (21). Similarly, in our results, both CD62L on
monocyte and Resting Treg %CD4 had protective effects on
THCA,and no immune factors were found to contribute to the
onset of THCA. CD62L is a cell adhesion molecule and type I
transmembrane glycoprotein expressed on most circulating white
blood cells. It is widely described as a bound/rolling receptor
that plays a role in regulating monocyte protrusion during
transendothelial migration (TEM). In adult humans, monocytes
account for 2-8% of all circulating white blood cells and classic
monocytes express high levels of L-selectin, i.e. CD62L on monocyte.
During TEM of monocyte, the detachment of CD62L domains is
crucial for establishing pre- and post cell polarity and achieving
chemotaxis towards the site of injury (22), which can exert anti-
tumor immune effects. The anti-tumor ability of CD4+ T cells has
been widely demonstrated in mouse models and humans (23). By
activating the immune system, CD4+ T cells can enhance the
recognition and elimination of tumor cells, thereby inhibiting
tumor growth and spread. Our results show that both CD62L on
monocyte and Resting Treg %CD4 have a protective effect on THCA.
Enhancing the activity of CD62L on monocyte and resting Treg%
CD4 cells in tumor immunotherapy is expected to improve the
therapeutic effect and may become an important part of future tumor
immunotherapy strategies.

Jena D et al. found that the type of immune response produced by
THCA was associated with disease severity (24). Many studies have
proved that tumors have strong immunosuppressive ability. Regulatory

frontiersin.org


http://www.Rproject.org
https://doi.org/10.3389/fimmu.2024.1425873
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Fang et al.

TABLE 1 MR estimates for the causal effect of THCA onset on immunophenotypes.

10.3389/fimmu.2024.1425873

traits (outcome) MR method No. of SNP F-statistic OR 95% ClI P-value
CD25 on CD39+ CD4 Treg vw 34 63.4 0.871 0.812~0.935, 1.274x107*
MR-Egger 34 63.4 0.747 0.547-1.019 0.075
Weighted median 34 63.4 0.840 0.751-0.938 0.002
Weighted mode 34 63.4 0.825 0.709-0.959 0.017
Simple mode 34 63.4 0.962 0.769-1.202 0.733
Activated Treg AC IVW 34 63.4 0.884 0.820-0.953 0.001
MR-Egger 34 63.4 1.092 0.794-1.502 0.591
Weighted median 34 63.4 0.923 0.821-1.039 0.184
Weighted mode 34 63.4 0.972 0.804-1.174 0.767
Simple mode 34 63.4 0.905 0.721-1.136 0.395
Activated & resting Treg % vw 34 63.4 0.8716 0.811-0.937 2.109x10~*
CD4 Treg
MR-Egger 34 63.4 0.800 0.585-1.093 0.170
Weighted median 34 63.4 0.876 0.784-0.979 0.019
Weighted mode 34 63.4 0.874 0.755-1.011 0.079
Simple mode 34 63.4 0.850 0.707-1.022 0.093
Secreting Treg % CD4 Treg vw 34 63.4 1.143 1.064-1.229 2.779x107*
MR-Egger 34 63.4 1.256 0.921-1.714 0.160
Weighted median 34 63.4 1.126 1.010-1.256 0.033
Weighted mode 34 63.4 1.137 0.985-1.313 0.090
Simple mode 34 63.4 1.168 0.975-1.400 0.101
CD28- CD25++ CD8br AC IVW 33 63.6 0.867 0.809-0.930 6.09x107°
MR-Egger 33 63.6 0.899 0.670-1.205 0.480
Weighted median 33 63.6 0.885 0.796-0.983 0.022
Weighted mode 33 63.6 0.925 0.772-1.110 0.409
Simple mode 33 63.6 0.950 0.774-1.167 0.630
CD19 on IgD+ CD24+ IVW 34 63.4 1.118 1.041-1.200 0.002
MR-Egger 34 63.4 1.184 0.887-1.583 0.261
Weighted median 34 63.4 1.054 0.950-1.169 0.324
Weighted mode 34 63.4 1.030 0.890-1.191 0.698
Simple mode 34 63.4 1.037 0.867-1.240 0.691
CD28- CD127- CD25++ vw 33 63.6 0.875 0.814-0.942 3.619x107*
CD8br AC
MR-Egger 33 63.6 0.876 0.665-1.155 0.355
Weighted median 33 63.6 0.883 0.794-0.983 0.023
Weighted mode 33 63.6 0.887 0.759-1.037 0.141
Simple mode 33 63.6 0.829 0.694-0.990 0.047

MR, Mendelian randomization; SNP, single nucleotide polymorphism; OR, odds ratio; CI, confidence interval; IVW, inverse variance weighted.
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FIGURE 1

(A—G) Scatter plots show the MR effect of THCA onset on immunophenotypes in different MR methods.

T cells (Tregs) are a subset of T cells that inhibit the function of many
immune cells. Tregs usually accumulate in cancer foci, draining lymph
nodes, and peripheral blood (25-27). It is reported that the poor
prognosis of many cancers is related to the increase of Tregs, such as
breast cancer, ovarian cancer and lymphoma (28-30), and the
invasiveness of THCA is related to the increase of Tregs. The
analysis of specific lymphocyte indicates that Tregs are consistently
present in THCA lesions and peripheral blood, and their increase is
correlated with the severity of the disease (23). Our results show that
Secreting Treg % CD4 Tregs are significantly elevated in THCA,
substantiating previous studies at the genetic level. Although further
research is needed to clarify the exact mechanisms of action of Tregs in
THCA, the clear elevation of Secreting Treg % CD4 Treg in THCA
provides new avenues for future diagnostics and therapeutics.
Regulatory B cells (Bregs) promote tumor immune escape by
secreting cytokines such as IL-10, TGF-f1, IL-35, PD-L1 and so on.
Recently, it has been found that PD-1+Breg is abundant in thyroid
cancer tissue and peripheral blood, and inhibits T cell viability and

Frontiers in Immunology

proliferation in an IL-10-independent manner (31). CD19 molecule
is a differentiation antigen on the surface of Breg and one of the
characteristic markers on the cell membrane. CD19 can participate in
the activation and proliferation of Breg, and is widely expressed in
tumors related to the B lymphatic system, but not in plasma cells, T
cells, and other tissues. It does not disappear or decay during Breg
activation (32). In this study, we performed MR Analysis based on
recently published GWAS data, showing that CD19 on IgD+ CD24+
is significantly elevated in Thachik supports previous studies.
Additionally, it was noteworthy that the presence of THCA is
related to the reduction of the level of 5 immunophenotypes in Treg
group, including CD25 on CD39+ CD4 Treg, Activated Treg AC,
Activated & resting Treg % CD4 Treg, CD28- CD25++ CD8br AC,
and CD28- CDI127- CD25++ CD8br AC. Cancer can stimulate the
body’s specific immunity against tumors. However, due to the highly
immunosuppressive nature of the tumor microenvironment and the
suppression of tumor-associated antigen-specific T cells, the body is
unable to eliminate cancer cells. This immunosuppressive
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FIGURE 2

(A—-QG) Leave-one-out plots for the causal effect of THCA onset on immunophenotypes.

microenvironment promotes the growth of cancer cells, leading to
tumor recurrence and poor prognosis.

This study conducted a two sample MR analysis on the causal
relationship between immunophenotypes and THCA, with a
sample size of about 24.2 million individuals, indicating a high
statistical effect. Multiple MR analysis methods were used in this
study to infer causal relationships between genetic instrumental
variables, and there was no heterogeneity or horizontal pleiotropy
among IVs, resulting in robust results. However, there are some
limitations to this study that should be noted. First, population
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stratification cannot be performed because the data is not raw and
specific personal data cannot be seen. Second, to obtain more IVs
for horizontal pleiotropy testing and multiple sensitivity analysis,
we did not use the traditional GWAS significance threshold (p < 5 x
10’8). Third, because the GWAS data for this study came from a
European database, the conclusions cannot be generalized to non-
European ethnic groups. Finally, since we used a more lenient
threshold to evaluate the results, this may have increased some false
positive rates while being able to assess the association between
immune cell signatures and THCA more fully.
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(A—G) Funnel plots for the causal effect of THCA onset on immunophenotypes.

TABLE 2 MR estimates for the causal effect of immunophenotypes on THCA.

EH do

traits (exposure) MR method No. of SNP F-statistic 95% Cl P-value
CD62L on monocyte 41 313 0.953 0.930~0.976 1.005x107
MR-Egger 41 313 0971 0.935-1.009 0.137
Weighted median 41 313 0.970 0.930-1.010 0.143
Weighted mode 41 313 0.972 0.938-1.006 0.112
Simple mode 41 313 0.982 0.918-1.050 0.591
Resting Treg %CD4 71 359 0.975 0.961-0.989 7.984x107"
MR-Egger 71 359 0.978 0.959-0.998 0.031
Weighted median 71 359 0971 0.950-0.993 0011
Weighted mode 71 359 0.978 0.961-0.996 0018
Simple mode 71 359 0.966 0.925-1.009 0.127

MR, Mendelian randomization; SNP, single nucleotide polymorphism; OR, odds ratio; CI, confidence interval; IVW, inverse variance weighted.
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5 Conclusions

In conclusion, we explored the causal relationship between 731
immunophenotypes and THCA through MR analysis, providing
new insights into the potential relationship between the immune
system and THCA, providing direction and investment rationale

for confirmatory experiments, and generating new hypotheses on
the etiology and immunotherapy of THCA.

In addition, as long as the necessary genetic data, exposure and
outcome variable data are available, it is possible to analyze the
positive and negative causality of exposure and outcome without
the inevitable confounders, this kind of research may carry on the
low-cost, the random research to the biological pathology
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FIGURE 6
(A, B) Funnel plots for the causal effect of immunophenotypes on THCA.

mechanism without outside interference. This approach can help
researchers and institutions optimize the allocation of resources for
expensive and resource-intensive clinical trials.
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Background: The efficiency of systemic immune-inflammation index (Sll) in
predicting prognosis of osteosarcoma (OSA) patients has been extensively
analyzed, but no consistent findings are obtained. Therefore, this meta-analysis
focused on identifying the precise prognostic value of Sll for OSA.

Methods: We comprehensively searched electronic databases of PubMed,
Embase, Web of Science, Cochrane Library, and China National Knowledge
Infrastructure (CNKI) from inception to 24 February, 2024. Meanwhile, the
efficiency of Sll in predicting prognosis of OSA was evaluated by calculating
pooled hazard ratios (HRs) as well as 95% confidence intervals (Cls). Additionally,
the correlation of SII with the OSA clinicopathological characteristics was
analyzed based on pooled odds ratios (ORs) and 95%Cls.

Results: Six studies with 1015 cases were enrolled into this work. According to
the combined data, the higher SII was markedly related to poor overall survival
(OS) (HR=2.01, 95%CI=1.30-3.09, p=0.002) and Enneking stage Ill (OR=2.21, 95%
Cl=1.11-4.39, p=0.024) of patients with OSA. Nonetheless, SIl was not
significantly related to gender, age, pathological fracture, tumor size, tumor
location, tumor differentiation, and metastasis in patients with OSA.

Conclusions: In summary, the higher SII is markedly related to poor OS and
advanced Enneking stage in OSA patients.

Systematic review registration: https://inplasy.com/inplasy-2024-7-0107/,
identifier INPLASY202470107.

KEYWORDS

systemic immune-inflammation index, meta-analysis, osteosarcoma, evidence-based
medicine, prognosis

Abbreviations: SII, systemic immune-inflammation index; OSA, osteosarcoma; CNKI, China National
Knowledge Infrastructure; HR, hazard ratio; CI, confidence interval; OR, odds ratio; OS, overall survival; PN,
prognostic nutritional index; PRISMA, Preferred Reporting Items for Systematic Reviews and Meta-Analyses;
NOS, Newcastle-Ottawa scale; EMT, epithelial-mesenchymal transition; TME, tumor microenvironment;

TILs, tumor-infiltrating lymphocytes; RES, recurrence—free survival; PFS, progression-free survival.

86 frontiersin.org


https://www.frontiersin.org/articles/10.3389/fimmu.2024.1416068/full
https://www.frontiersin.org/articles/10.3389/fimmu.2024.1416068/full
https://www.frontiersin.org/articles/10.3389/fimmu.2024.1416068/full
https://www.frontiersin.org/articles/10.3389/fimmu.2024.1416068/full
https://www.frontiersin.org/articles/10.3389/fimmu.2024.1416068/full
https://inplasy.com/inplasy-2024-7-0107/
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org
http://crossmark.crossref.org/dialog/?doi=10.3389/fimmu.2024.1416068&domain=pdf&date_stamp=2024-08-15
mailto:jiang75312024@163.com
https://doi.org/10.3389/fimmu.2024.1416068
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/immunology#editorial-board
https://www.frontiersin.org/journals/immunology#editorial-board
https://doi.org/10.3389/fimmu.2024.1416068
https://www.frontiersin.org/journals/immunology

Wang et al.

Introduction

Osteosarcoma (OSA) shows the highest morbidity among
primary malignant bone tumor among children and young adults
(1). It exhibits the typical feature of formation of immature osteoid
by tumor cells (2). All OSA patients have a median age of 20 years.
The incidence of OSA in children and young adults worldwide
varies between 2-3 per million, accounting for about 20%-30% of all
primary bone tumors (3). In the past several decades, OSA patients
have been treated by multiple strategies like surgery, radiotherapy,
chemotherapy, gene therapy and immunotherapy (4). In spite of
this, the prognosis of OSA remains poor. The 5-year survival rate in
patients with localized OSA is about 60%, but that is only 20% in
those developing metastases or recurrent disease (5). Around 10-
15% of newly diagnosed OSA cases develop metastases, usually
located in the lung (6). Therefore, it is of urgent necessary to
develop novel and creditable markers for predicting prognosis of
patients with OSA.

It has been widely reported that cancer-related inflammation
and immune system have a critical effect on carcinogenesis, tumor
growth, progression and metastasis (7, 8). Many hematological
parameters including platelet-to-lymphocyte ratio (9),
lymphocyte-to-monocyte ratio (10), prognostic nutritional index
(PNI) (11), neutrophil-to-lymphocyte ratio (12), and systemic
immune-inflammation index (SII) (13), are identified as efficient
markers for predicting prognosis of various cancers. SII was
developed in 2014 and reflects the general immune status of the
body as an easy-to-access inflammatory parameter (14). SII is
calculated as follows: SII= platelet number* neutrophil number/
lymphocyte number (14). Notably, SII is previously reported to be
significant for predicting prognosis of diverse solid tumors
including rectal cancer (15), non-small cell lung cancer (16),
breast cancer (17), renal cell carcinoma (18), and pancreatic
neuroendocrine tumors (19). Meanwhile, the efficiency of SII in
predicting prognosis of OSA patients is widely analyzed in
numerous studies, but no consistent findings are obtained (20-
25). For example, in some studies, the higher SII significantly
predicted the prognosis of OSA patients (21, 22, 24, 25). Whereas
in others, SII is not markedly related to the prognosis of OSA
patients (23). Consequently, the present work was performed for
identifying the accurate role of SII in predicting prognosis of OSA
patients. Moreover, we investigated the correlation of SIT with the
OSA clinicopathological factors.

Materials and methods
Study guideline

The present work was conducted following the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) guideline (26). This meta-analysis was registered in
INPLASY under the registration number INPLASY202470107.
This protocol can be available at https://inplasy.com/inplasy-
2024-7-0107/.
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Ethics statement

Ethical approval and informed consent were waived since the
present work was conducted using previously published data.

Literature search

PubMed, Embase, Web of Science, Cochrane Library, and
China National Knowledge Infrastructure (CNKI) databases were
thoroughly retrieved between inception and 24 February, 2024
using the following search strategies (systemic immune-
inflammatory index OR systemic-immune-inflammation index
OR systemic immune-inflammation index) AND (osteosarcoma
OR osteogenic sarcoma OR bone sarcoma). There was no limitation
to publication language. The detailed search strategies for each
database were shown in Supplementary File 1. Besides, we manually
screened references in enrolled articles to identify more
eligible studies.

Eligibility criteria

Studies conforming to criteria below were included: (1) the
diagnosis of OSA was made pathologically; (2) the relation of SII
with prognosis of OSA was reported; (3) hazard ratios (HRs) and
95% confidence intervals (CIs) were available or calculable using
Tierney’s method (27); (4) the SII threshold was provided; and (5)
there was no restriction of publication language. Studies below were
excluded: (1) meeting abstracts, reviews, case reports, comments,
and letters; (2) those did not provide survival data; and (3)
animal studies.

Data collection and quality evaluation

Data were collected from qualified articles by two researchers
(ZW and ZZ). Any disagreement between them was settled through
discussion with a third researcher (Z]) to reach a consensus. Data
below were collected: first author, year, country, sample size, gender,
age, study duration, study design, study center, Enneking stage,
treatment, SII threshold, survival endpoints, survival analysis types,
follow-up, and HRs with 95%ClIs. Two independent reviewers (XW
and ZZ) used Newcastle-Ottawa scale (NOS) to evaluate study
quality (28). Notably, NOS evaluates study quality from 3 domains,
selection, comparability, and outcome ascertainment. The total NOS
score is 0-9 points, with 26 points indicating high-quality studies.

Statistical analysis
The value of SII in predicting prognosis of OSA was analyzed by
calculating combined HRs and 95%CIs. Moreover, the

heterogeneity degree among enrolled studies was quantified by
Cochran’s Q-test and Higgins I” statistic. In the presence of
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obvious heterogeneity (I>>50% or p<0.010), we utilized a random-
effects model; or else, we adopted a fixed-effects model.
Additionally, the significance of SII for predicting prognosis of
different subgroup OSA populations was explored by subgroup
analysis. The correlation between SII and the OSA
clinicopathological factors was investigated through pooling odds
ratios (ORs) and 95%CIs. In the meantime, sensitivity analysis was
also conducted for comparing the pooled effect when each study
was excluded individually to determine whether a particular study is
responsible for heterogeneity and to ensure results are stable.
Publication bias was evaluated by using Begg’s funnel plot and
Egger’s test. Stata version 12.0 (Statacorp, College Station, TX, USA)
was employed for statistical analysis. p<0.05 stood for
statistical significance.

Results
Process of literature search

Initially, 24 studies were obtained through primary retrieval,
among which, 12 were maintained when duplicates were eliminated
(Figure 1). By title and abstract screening, we discarded three
articles due to irrelevance. Full-texts of the rest 9 studies were
examined, among which, three were eliminated due to irrelevance
of SII (n=2) and unavailable survival data (n=1). Finally, six studies
with 1015 patients (20-25) were enrolled into this work
(Figure 1; Table 1).

10.3389/fimmu.2024.1416068

Enrolled study features

Table 1 displays basic study features (20-25). These studies
were published during 2019-2023 and were all conducted in China.
There were four (20-23) and two (24, 25) studies published in
English and Chinese separately. All included studies were of
retrospective design (20-25). The sample size was 77-487
(median, 116.5). There were four single center studies (20, 21, 23,
25) and two multicenter studies (22, 24). Five articles enrolled OSA
patients of Enneking stage I-III (20-22, 24, 25), while one included
those of Enneking stage II-IIT (23). All studies treated patients with
mixed treatments including surgery, chemotherapy, and
radiotherapy (20-25). The median SII threshold was 639.48
(range, 384.9-869.04). Each of our enrolled articles mentioned the
relation of SII with overall survival (OS) in patients with OSA. In
four articles, the HRs and 95%CIs were obtained through
multivariate analysis (20, 22, 23, 25), while in another two
articles, they were acquired through univariate analysis (21, 24).
NOS scores ranged from 7 to 9, suggesting high-quality
studies (Table 1).

Sl and OS

The six articles involving 1015 patients (20-25) reported the
value of SII in predicting OS of OSA patients. Due to obvious
heterogeneity (I> = 79.1%, p<0.001), we used the random-effects
model. HR=2.01, 95%CI=1.30-3.09, and p=0.002 were obtained from

c
g Records identified through Additional records identified
é database searching through other sources
£ (n=24) (n=0)
c
0
al
\___
Records after duplicates removed
(n=12)
v
c
c
3
5
2 Records screened Records excluded by titles
(n=12) and abstracts (n= 3)
N
Full-text articles assessed Fullitext articles excluded,
= for eligibility with reasons (n= 3):
3z (n=9) NotonSIl (n=2)
) No survival data (n=1)
w
(— Studies included in
qualitative synthesis
(n=6)
°
0
°
32 Studies included in
£ quantitative synthesis
(meta-analysis)
(n=6)
()

FIGURE 1
Flow diagram of study selection.
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pooled results, suggesting that the higher SII was markedly related to
- ol e w | w dismal OS of OSA patients (Table 2; Figure 2). Upon subgroup
analysis, SIT still significantly predicted OS of OSA patients,
o) irrespective of study center, threshold, and survival analysis types
-~ g (p<0.02; Table 2). Additionally, SII was significantly related to dismal
gz% § sl a OS of OSA in subgroups below: sample size <120 (p<0.001) and
ke % % g s s E: ; E patients with Enneking stage I-III (p=0.002) (Table 2).
S E= IEIEcEERRCEE-Sik-]
The association of Sl with the OSA
¢ EEPIEIEEEE clinicopathological features
3 e E g E E 4 E Four studies with 436 patients (20-22, 25) provided the data on
association of SII with the OSA clinicopathological characteristics.
According to pooled data, an elevated SII was remarkably related to
3 Enneking stage III in patients with OSA (OR=2.21, 95%CI=1.11-
S g 4.39, p=0.024; Table 3; Figure 3). However, SII was not significantly
g § R I related to gender (OR=1.56, 95%CI=0.66-3.71, p=0.315), age
MO © | ©°|°|° |99 (OR=1.34, 95%CI=0.91-1.99, p=0.141), pathological fracture
£ (OR=1.38, 95%CI=0.85-2.24, p=0.189), tumor location (OR=1.81,
QE) 95%CI=0.91-3.62, p=0.092), tumor size (OR=2.18, 95%CI=0.88-
g ”g E E Tg };, ”g 5.37, p=0.092), tumor differentiation (OR=2.50, 95%CI=0.93-6.70,
= = = = = = = p=0.069), and metastasis (OR=2.44, 95%CI=0.69-8.59, p=0.164) of
OSA patients (Table 3; Figures 3, 4).
g
2y = = 2 B = =8 Sensitivity analysis
= = 5 : E & y anay
5 51 .| & s Sensitivity analysis suggested that the observed effect size for the
- 5 5 :ﬁ % % ‘;‘g) 5 relationship of SII with OS was not affected by any single study
5 ;C: i“ %;u % %" % é“ (Figure 5), which indicated the stability of the results in this work.
n O 5 s = 3 = 3
23 § g % g g = Publication bias
25 EEIEIE-EERE:
@ s R R|8|S S| R We employed Begg’s test and Egger’s test for evaluating the
7 possible publication bias. From Figure 6, funnel plots showed
ﬁ § c R - | symmetry. Moreover, the results (p=0.124 and 0.178 upon Begg’s
t e N 8 8 R and Egger’s tests separately) demonstrated the absence of significant
g 2 % % % % S %’ % publication bias (Figure 6).
£ .
: 2 E
‘KB : 3z fi: Discussion
3 P
Z " E According to prior reports, the effect of SII on predicting
g g— é prognosis of OSA patients remains controversial. In this work,
2 8 n 80 o 8 § information was synthesized in six articles involving 1015 patients
"E - 4 for identifying the precise effect of SII on predicting OSA prognosis.
: = é In this meta-analysis, an elevated SII significantly predicted OS of
E 3 £ £ E £ £ £ 3 OSA patients. Moreover, the higher SIT was markedly related to
g e © e B I E advanced Enneking stage in OSA. SII served as the cheap and
E :“3 2 s o a o o 3 reliable prognostic marker for OSA patients. As far as we know, this
P > B & & ] SIS ?E; meta-analysis is the first to investigate the effect of SII on predicting
j = @ u ] : OSA prognosis.
E 3 - z i g f : *é The higher SIT is the result of higher platelet number, higher
3 ol Hall Ball Naliall Hall s = neutrophil number, and/or lower lymphocyte number. The precise
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TABLE 2 Subgroup analysis of the prognostic value of Sll for OS in patients with osteosarcoma.

Subgroups No. of studies No. of patients Effects model HR (95%Cl) p Heterogeneity
12(%)

Total 6 1015 Random 2.01(1.30-3.09) 0.002 79.1 <0.001

Sample size

<120 3 277 Fixed 2.86(1.95-4.19) <0.001 25.7 0.260

>120 3 738 Random 1.39(0.96-2.00) 0.080 61.3 0.075

Study center

Single center 4 798 Random 1.78(1.05-3.02) 0.032 79.1 0.002

Multicenter 2 217 Fixed 2.55(1.68-3.87) <0.001 0 0.796

Enneking stage

I-111I 5 528 Random 2.36(1.37-4.06) 0.002 82.7 <0.001

11111 1 487 - 1.11(0.67-1.82) 0.685 - -

Cut-off value

<650 3 359 Random 2.33(1.01-5.36) 0.047 84.6 0.002

2650 3 656 Random 1.92(1.08-3.42) 0.027 70.4 0.034

Survival analysis

Univariate 2 169 Fixed 2.58(1.72-3.85) <0.001 0 0.839

Multivariate 4 846 Random 1.76(1.04-2.95) 0.034 77.4 0.004

mechanisms of the association between SII and prognosis of OSA
are not fully elucidated yet. Notably, the value of SII in predicting
OSA prognosis is interpreted from several aspects. First, several
studies have reported that platelets may protect cancer cells from
the immune system’s cytotoxicity (29). In tumor cells, cytokines
may stimulate megakaryocytes to produce platelets, resulting in an

increase in platelet count (30). Platelets can also facilitate epithelial-
mesenchymal transition (EMT) in cancer cells by directly
contacting them or indirectly secreting prostaglandin E2 and
growth factors (29). Second, during tumorigenesis, neutrophils
contribute to the proliferation, invasion, and migration of tumor
cells as well as tumor immunosuppression (31). Through the

Study %
ID HR (95% Cl) Weight
Huang, X. (2019) = | 122(1.10,1.45)  23.29
Yang, S. (2020) —*—s— 248(1.43,429) 17.25
Ma, C. (2022) + 241(1.34,434)  16.58
Yang, Y. (2022) — 111(0.68,1.82)  18.16
He, H. (2023) —— 269 (1.49,4.88)  16.50
Wu, Y. (2023) ;—‘— 751(2.21,25.49) 821
Overall (l-squared =79.1%, p =0.000) <> 2.01(1.30,3.09)  100.00
NOTE: Weights are from random effects analysis ;

T - T

.0392

FIGURE 2

Forest plot for the prognostic value of Sl for overall survival in patients with OSA.
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TABLE 3 The association between SlI and clinicopathological features in patients with osteosarcoma.

Factors [\[o} [\[o} Effects (O] Heterogeneity
of studies of patients model (95%Cl) 270

1(%) Ph
Gender (male vs female) 4 436 Random 1.56(0.66-3.71) 0.315 71.1 0.015
Age (years) (220 vs <20) 4 436 Fixed 1.34(0.91-1.99) 0.141 0 0.552
Enneking stage (III vs I-II) 4 436 Random 2.21(1.11-4.39) 0.024 52.1 0.099
Pathological fracture (yes vs no) 4 436 Fixed 1.38(0.85-2.24) 0.189 0 0.902
Tumor location (non-extremities 4 436 Random 1.81(0.91-3.62) 0.092 52.2 0.099
vs extremities)
Tumor size (cm) (=5 vs <5) 3 359 Random 2.18(0.88-5.37) 0.092 68.2 0.043
Tumor differentiation (poor vs well) 3 359 Random 2.50(0.93-6.70) 0.069 79.7 0.007
Metastasis (yes vs no) 3 359 Random 2.44(0.69-8.59) 0.164 76.1 0.015

secretion of chemokines and cytokines, neutrophils are able to
directly affect tumor cells or have an indirect effect on other tumor
microenvironment (TME) components (32). These include vascular
endothelial growth factor, transforming growth factor-beta, matrix
metalloproteinases, interleukin-6 (IL-6), and IL-8 (33). Third,
lymphocytes are crucial to anti-tumor cell-mediated responses.
Lymphocytes can migrate into the TME and evolve into tumor-
infiltrating lymphocytes (TILs), which can suppress the
proliferation and migration of tumors through apoptosis (34, 35).
Therefore, a higher SII can serve as the reasonable marker for
predicting OSA prognosis.

A

Study %

D OR(95%Cl)  Weight
Huang, X. (2019) —l 0.89 (0.43, 1.83) 29.20
Yang, S. (2020) 1.01(0.39,2.64) 25.24
Ma, C. (2022) — 1.12(0.52,2.39) 28.51
Wu, Y. (2023) —— 13,57 (2.92, 62.99)7.05

Overall (I-squared = 71.1%, p = 0.015)<] 1.56 (0.66, 3.71) 100.00

NOTE: Weights are from random effects analysis

Study %
D OR (95% Cl)  Weight

Recently, SII is widely reported in meta-analysis with significant
value in predicting prognosis of different solid tumors (36-40).
According to Yang et al. in their meta-analysis involving 30 studies,
the higher SII levels before treatment were related to poor OS and
recurrence—free survival (RFS) of gastric cancer (36). Zhang and
colleagues reported in their meta-analysis with 3464 patients that
the higher SII was remarkably related to poor OS and DEFS, low
differentiation degree and advanced stage of oral squamous cell
carcinoma (37). As mentioned in one meta-analysis enrolling 8133
patients with prostate cancer, a high SII was dramatically associated
with poor OS, and worse progression-free survival/biochemical

Huang, X. (2019) 1.53(0.75, 3.14)28.15

Yang, S. (2020)

1.97 (0.72,5.35)13.11

Ma, C. (2022)

0.87 (0.42, 1.81)35.89

Wu, Y. (2023) 1.50 (0.68, 3.33)22.85

Overall (I-squared = 0.0%, p = 0.552) </> 1.34 (0.91, 1.99)100.00

T
.0159 1 63
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D OR (95% CI)  Weight
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Yang, S. (2020) 1.05 (0.24, 4.57) 15.03

Ma, C. (2022) 1.24 (0.59, 2.61) 31.07

Wu, Y. (2023) — = 4.47 (166, 12.05p4.30
Overall (l-squared = 52.1%, p = 0.099) <>

NOTE: Weights are from random effects analysis.

2.21(1.11, 4.39) 100.00

Study %
D OR(95% Cl)  Weight

T
187 1 5.35

Huang, X. (2019) 2.38 (0.4, 12.745.87

Yang, S. (2020) 1.48 (0.56, 3.93) 23.21
Ma, C. (2022) - 1.32 (0.60, 2.91) 37.74
Wu, Y. (2023) ~ 1.16 (0.48, 2.83) 32.18

Overall (I-squared = 0.0%, p = 0.902) 1.38 (0.85, 2.24) 100.00

T T
.083 1 121

FIGURE 3

Forest plots assessing the relationship between the SIl and clinicopathological factors in OSA. (A) Gender (male vs female); (B) Age (years)
(>20 vs <20); (C) Enneking stage (Ill vs I-11); and (D) Pathological fracture (yes vs no).
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Forest plots assessing the relationship between the Sl and clinicopathological factors in OSA. (A) Tumor location (non-extremities vs extremities);
(B) Tumor size (cm) (>5 vs <5); (C) Tumor differentiation (poor vs well); and (D) Metastasis (yes vs no).

recurrence-free survival (PES/bRES) (38). In the meta-analysis
comprising 2169 patients, Zeng et al. reported that the higher SII
served as the effective marker to predict OS and PES of
nasopharyngeal carcinoma (39). Based on a meta-analysis with
1402 patients, the high SII was related to dismal OS of
cholangiocarcinoma patients undergoing invasive surgery (40).
Our meta-analysis findings were consistent with those in other
cancer types. Notably, tumor necrosis rate is an important index for
cancer treatment in patients with OSA (41, 42). A tumor necrosis

rate > 90% usually indicates necrosis of tumor tissue, which showed
inhibition of the blood supply to tumor tissue (41). In this meta-
analysis, the association between SII and tumor necrosis rate was
not analyzed due to limited information in included studies. The
relationship between SIT and tumor necrosis rate should be explored
in future studies.

There were some limitations in the present work. First, this
study had a small sample size. We just recruited six studies with
1015 patients, although we searched the most recent literature and

Meta-analysis random-effects estimates (exponential form)

Study ommited
Huang, X. |

Yang, S.

Yang, Y. |

He H. |-

FIGURE 5
Sensitivity analysis for OS.
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10 15

precision

Publication bias tests. (A) Begg's test for OS, p=0.124; (B) Egger's test for OS, p=0.178

did not restrict publication language. Second, all included studies
were from China. In this regard, the findings in this work are more
applicable for Chinese OSA populations. While the value of SII in
the prognosis of OSA in other regions needs to be explored. Third,
only retrospective studies were enrolled, which might lead to
selection bias. Fourth, we only analyzed the prognostic value of
SII for OS in this meta-analysis. The association between SII and
other survival endpoints such as RFS, PFS, and DFS etc. was not
investigated for OSA patients. We actually did not exclude RFS,
PES, and DEFS in eligibility criteria, they were not included because
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of limited data provided in eligible studies. The correlation between
SIT and RFS, PFS, and DFS in OSA needs to be explored in future
studies. Considering the above limitations, large-scale multi-
regional prospective studies should be conducted for validation.

Conclusions

In summary, according to our meta-analysis results, the
higher SIT is remarkably related to poor OS of OSA patients.
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Additionally, the elevated SII is also significantly related to
advanced Enneking stage in OSA. SII is the candidate prognostic
marker of OSA.
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Background: Ovarian cancer (OC) is a global malignancy characterized by
metastatic invasiveness and recurrence. Long non-coding RNAs (IncRNAs) and
Telomeres are closely connected with several cancers, but their potential as
practical prognostic markers in OC is less well-defined.

Methods: Relevant mRNA and clinical data for OC were sourced from The Cancer
Genome Atlas (TCGA) database. The telomere-related IncRNAs (TRLs) prognostic
model was established by univariate/LASSO/multivariate regression analyses. The
effectiveness of the TRLs model was evaluated and measured via the nomogram.
Additionally, immune infiltration, tumor mutational load (TMB), and drug sensitivity
were evaluated. We validated the expression levels of prognostic genes. Subsequently,
PTPRD-AS1 knockdown was utilized to perform the CCK8 assay, colony formation
assay, transwell assay, and wound healing assay of CAOV3 cells.

Results: A six-TRLs prognostic model (PTPRD-AS1, SPAG5-AS1, CHRM3-AS2,
AC074286.1, FAM27E3, and AC018647.3) was established, which can effectively
predict patient survival rates and was successfully validated using external datasets.
According to the nomogram, the model could effectively predict prognosis.
Furthermore, we detected the levels of regulatory T cells and M, macrophages
were comparatively higher in the high-risk TRLs group, but the levels of activated CD8
T cells and monocytes were the opposite. Finally, the low-risk group was more
sensitive to anti-cancer drugs. The mRNA levels of PTPRD-AS1, SPAG5-AS1, FAM27E3,
and AC018647.3 were significantly over-expressed in OC cell lines (SKOV3, A2780,
CAQV3) in comparison to normal IOSE-80 cells. AC074286.1 were over-expressed in
A2780 and CAOV3 cells and CHRM3-AS2 only in A2780 cells. PTPRD-AS1 knockdown
decreased the proliferation, cloning, and migration of CAOV3 cells.

Conclusion: Our study identified potential biomarkers for the six-TRLs model
related to the prognosis of OC.
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Introduction

Ovarian cancer (OC) is the fifth most prevalent cancer globally
(1, 2). Epithelial OC, accounting for the majority of cases, includes
serous, endometrioid, mucinous, and clear cell subtypes, each with
varying degrees of differentiation (3). The International Federation
of Gynecology and Obstetrics (FIGO) classifies OC into five stages,
ranging from stage 0 to extensive stage IV metastasis (4). Currently,
targeted therapies, such as poly (ADP-ribose) polymerase
inhibitors, and other treatments like surgery, radiation,
immunotherapy, nanomedicine technology, and combinatorial
therapies, have made rapid progress in improving outcomes for
OC patients (5, 6). However, most OC patients still develop
resistance, recurrence, metastasis, and the potential development
of multi-system complications (7, 8). Hence, it is urgent to pinpoint
novel biomarkers that can serve as predictors for clinical outcomes
in OC.

Telomeres are special complexes crucial for protecting the ends
of eukaryotic chromosomes (9). Abnormal telomeres can result in
cancer and age-related pathologies which are related to the integrity
of the DNA damage response (10). Notably, short telomeres
contribute to genomic instability, which promotes cancer
progression. Nevertheless, long telomeres may enhance the risk of
cancer (11). It reported that telomerase is highly expressed in
ovaries (12). Additionally, a multicenter study shows that the
length of telomeres serves as the biomarker in elderly patients
with OC (13).

Long non-coding RNAs (IncRNAs) with a length surpassing
200 nucleotides contribute to the modulation of chromatin
dynamics, cellular growth, gene expression, differentiation, and
developmental processes (14). Compared to mRNAs, IncRNAs are
often less abundant in cells, exhibit more specialized tissue-
specific expression, and can have a shorter lifespan (15). To
fulfill their diverse biological roles, IncRNAs engage in intricate
gene regulatory networks through interactions with mRNAs (16).
Research has revealed that analyzing IncRNA-mRNA co-
expression networks is instrumental for elucidating the
involvement of IncRNAs in platinum resistance and for
uncovering those with prognostic significance and therapeutic
potential in OC (17, 18). Moreover, IncRNAs can modulate
immune responses and serve as crucial prognostic biomarkers
and diagnostic markers in OC (19, 20). Previous research revealed
that certain IncRNAs, including TERC, TERRA, and GUARDIN,
have been implicated in the intricate mechanisms of DNA
damage response integration, safeguarding of telomere
termini, and regulation of telomere length (21, 22). Indeed,
emerging evidence suggests that telomere-related IncRNAs
(TRLs) are associated with the prognosis of kidney renal
clear cell carcinoma prognosis (23). However, the molecular
underpinnings of how IncRNAs contribute to telomere
homeostasis remain largely uncharted territory. We found that
prior research has concentrated on the length and significance of
telomeres in cancer prognosis, leaving the correlation of TRLs
with OC unexplored. Recognizing the importance of both
telomeres and IncRNAs, combining the two to improve
prognosis in OC patients may be a viable strategy.
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In the present study, we formulated TRLs from The Cancer
Genome Atlas (TCGA) dataset to predict OC outcomes.
Additionally, we probed the connection between the TRLs model
and the immune and delved into the potential impact of TRLs on
therapeutic drug selection. This study introduces novel perspectives
and targets for treating OC.

Methods
Data collection

The transcriptome data, clinical information, and tumor
mutational burden (TMB) information of 429 OC patients were
from the TCGA (https://portal.gdc.cancer.gov/) database. Normal
sample data (88 samples) were from the GTEx (http://
commonfund.nih.gov/GTEx/) database. The annotation
information was from the Ensembl database (https://
www.ensembl.org) (24) to identify IncRNAs. The inclusion
criteria for our study were strictly defined: (1) patients diagnosed
with primary ovarian serous cystadenocarcinoma, (2) Samples with
complete survival time and outcomes. After matching, a total of 370
OC samples were enrolled in the subsequent study and randomly
divided into two groups (7:3 ratio), with 259 cases used for training
and 111 cases for testing. The clinical baseline information of the
patients is presented in Supplementary Table 1.

Determination of TRLs

The 2093 telomere-related genes (TRGs) were downloaded
from TelNet (http://www.cancertelsys.org/telnet/) database (25).
The differentially expressed TRGs were pinpointed using the
criteria of [log, FC| = 3 and FDR < 0.05 (23) with the “limma”
package. We performed the Pearson correlation analysis to calculate
the correlation coefficient between differentially expressed TRGs
and IncRNAs expression using the “linkET” package. LncRNAs
meeting P < 0.001 and |R|> 0.7 (18) screening criteria were
designated as TRLs.

Establishment and validation of the
prognostic model

To identify potential prognostic TRLs in OC patients, the
univariate Cox analysis was utilized to integrate the TRLs
expression information with survival information using the
“survival” package. The least absolute shrinkage and selection
operator (LASSO) analysis could mitigate the impact of
multicollinearity among the numerous genetic variables (26). This
approach, when synergized with the Cox model, can refine the
screening of potential biomarkers (27). In the training cohort, we
conducted a LASSO analysis to filtrate the prognostic TRLs
ulteriorly using the “glmnet” package. The LASSO-selected data
applied the multivariate Cox analysis to identify which TRLs
emerged as independent prognostic factors for OC patients (28-
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31). Subsequently, Kaplan-Meier (KM) analysis was utilized to
contrast the high- and low-risk groups, divided by the median
risk score. The KM method generated a survival curve with time
depicted on the x-axis and the cumulative survival probability
represented on the y-axis, offering a visual representation of the
proportion of individuals surviving over the study period. If the log-
rank test p-value is less than 0.05, there is a statistically significant
difference between survival curves (32). Additionally, Receiver
Operating Characteristic (ROC) analysis was applied to observe
the predictive value of the TRLs prognostic model using the
“timeROC” package. The ROC curve was plotted with the false
positive rate on the x-axis and the true positive rate on the y-axis,
featuring a 95% confidence interval indicated by dotted lines. The
area under the ROC curve (AUC) quantified the model’s
discriminatory ability, the AUC value closer to 1.0 signified
superior model performance and generalization capabilities (33,
34). To assess the independence of risk scores derived from the
signature, we performed the Cox regression analyses. Subsequently,
we verified the prediction performance using testing and entire sets.
Ultimately, the integrated nomogram was constructed,
encompassing all independent prognostic parameters using the
“rms” package, to provide a qualitative prediction of the overall
survival (OS) for OC patients within the entire set.

Go and KEGG analysis

To explore the functional mechanisms associated with the
model, we determined the differentially expressed genes between
low- and high-risk TRLs groups (|log,FC| > 1 and FDR < 0.05) using
the “limma” package. Subsequently, we conducted GO and KEGG
analyses on the above genes. P < 0.05 was considered significant.

Immune profile analysis

To delve into the connection between risk score and immune
infiltration, the ESTIMATE algorithm was employed to compute
the abundance of stromal and immune components. Patients were
stratified into two groups according to the median values of risk
score levels. Then, the abundance of 28 immune-cell types in two
groups was determined by the ssGSEA. Utilizing the CIBERSORT
algorithm, we estimated the abundance of 22 distinct immune cell
subtypes in patients. The distribution pattern of the two groups was
visualized by PCA analysis. To investigate the correlation between
immune cells and prognostic TRLs, the results were performed by
the Pearson correlation analysis and visualized utilizing the

«

ggplot2” package.

Tumor mutation analysis
The TMB data was computed in low- and high-TMB groups,

categorized by the median TMB value of OC patients. Subsequently,
the mutational landscape was depicted in a waterfall plot using the
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“maftool” package. Furthermore, comparative and survival analyses
were executed to explore disparities in somatic mutations between
the two groups.

Prediction of potential drug sensitivity

The “oncoPredict” package was employed to forecast drugs ICs,
values. The ICs, indicative of tolerance capacity, was computed,
with higher ICs, values signifying increased resistance of cells to the
drugs. Subsequently, the disparity in sensitivity scores between the
two groups was analyzed.

Cell culture

OC cell lines (SKOV3, A2780, CAOV3) and IOSE-80 cells were
sourced from the Cell Bank of the Chinese Academy of Sciences.
SKOV3 cells were grown in McCoy’s 5A medium (Servicebio
Technology Co., Ltd., China, G4541-500ML) with 10% fetal
bovine serum. A2780 cells and IOSE-80 cells were grown in
RPMI-1640 medium (Servicebio Technology Co., Ltd., China,
G4535-500ML) with 10% fetal bovine serum. CAOV3 cells were
grown in DMEM medium (Servicebio Technology Co., Ltd., China,
G4515-500ML) with 10% fetal bovine serum. Then, the cells were
cultivated in a 37°C incubator with 5% CO.,.

qRT-PCR validation

Total RNA was extracted from the cells using an RNA
extraction solution (Servicebio Technology Co., Ltd., China,
G3013-100ML). For the conversion of RNA to cDNA, we utilized
a cDNA Synthesis kit ((TransGen, China, AU341-02) to carry out
the reverse transcription process. The quantification of IncRNA
levels was determined using the 2744C9 method, with the results
being normalized against the expression levels of the GAPDH. The
TRLs sequences are shown in Table 1.

Transfection

CAOV3 cells, in the exponential growth phase, were seeded in
a six-well plate at a density of 4 x 10* cells per well to achieve 70—
80% confluency. Subsequently, CAOV3 cells were transfected
with small interfering RNA targeting PTPRD-AS1 (si-PTPRD-
AS1) and a non-targeting siRNA as a negative control (siNC)
using the Lipofectamine 2000 reagent (Thermo Fisher Scientific,
USA, 11668-027). The PTPRD-ASI siRNAs, siNC, and
Lipofectamine 2000 were prepared by dilution in Opti-MEM
serum-free medium (Gibco, USA, 31985-070), then combined
and allowed to incubate for 20 minutes to form the transfection
complex. This mixture was subsequently introduced into CAOV3
cells for transfection. After a 6-hour incubation period, the
medium was replaced with the fresh complete growth medium.
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TABLE 1 The TRLs sequences.

Gene Name

Forward sequence (5'-3’)

10.3389/fimmu.2024.1452946

Reverse sequence (5'-3’)
AATTATGCACTAGAGGGGGTAGTG
TAAGTCTGATGACACAGCAGAACA
TGTTGAGGATAGAACTAGCACAGC

AGATCAGCACCACATACACCTAAA

CTAGGATCAAGATGAACACACTGC

ACCTGGATGAGACTGGAGACTATT

PTPRD-AS1 CTATTCATCATCACCTCCACATTC
SPAG5-AS1 CTCTCAGATCACCACATTGTTTTC
CHRM3-AS2 GAGTCTAGCATCTTGCATCTTCCT
AC074286.1 CCACTGCCAGTTAGAAGACCTATT

FAM27E3 CACTTGAGAAACAGACCGTATTGT
AC018647.3 AGTATACACTGCACCCTGTTTGTG

GAPDH TGACAACTTTGGTATCGTGGAAGG

AGGCAGGGATGATGTTCTGGAGAG

The CAOV3 cells were then collected 48 h post-transfection for
further analysis. To confirm the knockdown efficiency, qRT-PCR
analysis was conducted post-transfection. The sequences of
siRNAs are shown in Table 2.

CCK8 and colony formation assay

The CCK8 assay and the colony formation assay were utilized to
determine the effect of PTPRD-AS1 knockdown on the
proliferation of CAOV3 cells. 4,000 CAOV3 cells transfected with
si-NC or si-PTPRD-AS1 per well were seeded into 96-well plates
and grown for 48 h. Subsequently, the optical density (OD) values
were measured at 450 nm within 1-4 h after the addition of 10 puL/
well of the CCK-8 reagent (Beyotime Inc., China, C0038). For
colony formation, a total of 1,000 CAOV3 cells transfected with si-
NC or si-PTPRD-AS1 per well were dispensed into 6-well plates
and cultured for 2 weeks. Upon the emergence of visible colonies,
the cells were processed for staining using crystal violet (Beyotime
Inc., China, C0121).

Transwell assay

Upper transwell chambers coated with matrigel (Corning, USA,
354234) were utilized to assess the invasive capacity of PTPRD-ASI
knockdown. 2x10* CAOV3 cells transfected with si-NC or si-
PTPRD-AS1 were plated in the upper chambers with DMEM
medium devoid of FBS. The lower chambers were filled with
DMEM supplemented with 10% FBS. Subsequently, the cells were
fixed using a 4% paraformaldehyde solution for 30 minutes and
stained with crystal violet for an additional 30 minutes to facilitate
the quantification of invasive cells.

TABLE 2 The PTPRD-AS1 gene siRNA sequence.

Gene Name Sense(5'-3)
PTPRD-ASI si-NC
PTPRD-ASI si-1

PTPRD-ASI si-2

Frontiers in Immunology

UUCUCCGAAGGUGUCACGUTT

GCUCUAACAUUCUGUGAUATT

CGAUGACAAUAAUAGUAAUTT

Wound healing assay

The assessment of cell migration was conducted using a wound
healing assay. CAOV3 cells transfected with si-NC or si-PTPRD-
AS1 were plated in 6-well plates to achieve 80% confluence. A
standardized scratch wound was created across the well using a 10
UL pipette tip to generate a uniform gap and photographed after
24 h.

Statistical analysis

All statistical analyses were carried out through R software
(version 4.3.1) and GraphPad Prism 8.0 software. Two Group
differences were statistically evaluated using the Student’s t-test.
For the analysis of multiple groups, One-way ANOVA was the
procedure followed. P < 0.05 was considered significant.

Results
Determination of TRLs

We obtained the expression information of 2093 TRGs. 79
differentially expressed TRGs, including 31 down-regulated and 48
up-regulated genes (Figure 1A), and 1,6901 IncRNAs were
determined. Finally, 77 TRGs were reserved, and 381 IncRNAs
were determined as TRLs (|R| > 0.7 and P < 0.001).

Establishment of TRLs prognostic model

A total of 10 TLRs of 381 TRLs were observably connected with
OS via the univariate analysis (Supplementary Table 2). LASSO

Antisense(5'-3')
UUCUCCGAAGGUGUCACGUTT
UAUCACAGAAUGUUAGAGCTT

AUUACUAUUAUUGUCAUCGTT
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analysis was performed according to the 10 TRLs, and no genes
were screened for incompatibility (Figures 1B, C). Subsequently, we
performed the multivariate Cox regression analysis and identified
six key TLRs (Figure 1D). The risk score for prognostic-related
TRLs = (0.941293163 x PTPRD-AS1) + (0.893391681 x SPAGS5-
AS1) + (-7.750446273 x CHRM3-AS2) + (1.50190086 x
AC074286.1) + (-0.57365439 x FAM27E3)+ (-3.094785104 x
AC018647.3). Notably, CHRM3-AS2, FAM27E3, and AC018647.3
were protective factors with HR < 1 in OC patients. Nevertheless,
PTPRD-ASI1, SPAG5-AS1, and AC074286.1 were risk factors with
HR > 1. The findings indicated that PTPRD-AS1, CHRM3-AS2,
AC074286.1, and AC018647.3 were independent prognostic factors
of OC patients (P< 0.05). The coefficient results of six TRLs are
shown in Figure 1E. The expression levels of six TLRs in tumor
cases in comparison to normal cases are shown in Figure 1F.

Validation of the TRLs prognostic model

The low- and high-risk groups were categorized by the median
score in the training, testing, and entire cohorts (Figures 2A-C).
Analysis of survival status distributions indicated a higher mortality
rate in the high-risk group (Figures 2D-F). The six TRLs in two
groups were visually depicted through heat maps (Figures 2G-I). In
the high-risk group, PTPRD-AS1, SPAG5-AS1, and AC074286.1
demonstrated comparatively elevated expression levels, while three
protective IncRNAs (PTPRD-AS1, SPAG5-AS1, and AC074286.1)

10.3389/fimmu.2024.1452946

displayed the opposite trend. Additionally, the low-risk group
experienced a higher OS rate (Figures 3A-C). The precision of
the TRLs prognostic model was assessed by ROC analysis, revealing
that the TRLs prognostic signature demonstrated potential in
predicting OS (training cohort: 5-year AUC = 0.691, test cohort:
5-year AUC = 0.666, and entire cohort: 5-year AUC = 0.68)
(Figures 3D-F). Furthermore, the risk score demonstrated
superior prognostic prediction for OC patients compared to other
clinical variables (Figures 3G-I). PCA analysis was employed to
distinct distribution patterns between the two risk groups in the
training, testing, and overall sets (Supplementary Figure 1). The two
risk groups tended to diverge along two paths. These results
underscored the robust predictive capability of this signature.

Identification of TRLs prognostic
model independence

In the training cohort, univariate analysis showed risk score was
related to patient survival (Figure 4A). Furthermore, the
multivariate analysis suggested that risk score was the
independent prognostic factor for OC patients (Figure 4B). The
analysis results for both the testing set (Figures 4C, D) and the
overall set (Figures 4E, F) were consistent. Subsequently, a
nomogram was conducted by combining the risk score with
clinical features (Figure 4G). The calibration curves proved the
dependability of the six TRLs prognostic model (Figure 4H).
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Enrichment analysis

To study the potential biological function between the two
groups, relevant enrichment analyses were carried out with 12 genes
of differential expression between the two groups. GO terms showed
that 12 genes were related to fibrillar collagen trimer and collagen
fibrill organization (Figures 5A-C), while the KEGG pathway
contained proteoglycans in cancer and PI3K-Akt signaling
pathway, etc. (Figure 5D). Moreover, the cnetplots were used for
the specific GO terms and KEGG categories (Figures 5E-H). These
biological processes and pathways likely contribute to the high-risk
group towards poorer clinical prognosis.

Immune infiltration analysis

The levels of stromal score were significantly lower in the low-
risk group (Figure 6A). ssGSEA analysis demonstrated that the
abundance of regulatory T cells was comparatively higher in the
high-risk group, and the abundance of activated CD8 T cells and
monocytes was the opposite (Figure 6B). CIBERSORT analysis
revealed that the high-risk group had significantly higher levels of
M, macrophages (Figure 6C). PCA plot demonstrated the marked
classification of immune cells in two groups (Figure 6D). Moreover,
the correlation analysis indicated that PTPRD-AS1, SPAG5-AS1,

10.3389/fimmu.2024.1452946

CHRM3-AS2, AC074286.1, FAM27E3 and AC018647.3 were
strongly associated with 28 immune cells (Figures 6E-]). In
summary, these findings reveal the obvious differences between
the two groups in the immune cells and are closely related to
PTPRD-ASI1, SPAG5-AS1, CHRM3-AS2, AC074286.1, FAM27E3,
and AC018647.3.

Tumor mutation analysis

In the analysis of TMB in OC patients, individual TMB values
were determined. The probability of TMB in the high- and low-risk
groups was 99.28% and 99.29%, respectively (Figures 7A, B).
Nevertheless, the TMB values between the two groups were no
significant difference (Figure 7C). Subsequent survival analyses
were conducted across different TMB and risk groups. Notably,
the high-TMB group exhibited the favorable OS, and the high-TMB
combined with the low-risk group demonstrated the highest OS rate
(Figures 7D, E).

Sensitivity of potential drugs

To assess the efficacy of the TRLs prognostic model for
predicting several drugs in OC, we calculated the ICs, value of
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the anti-cancer drugs in two groups of OC patients. The low-risk  PTPRD-AS1 associated with OC prognosis
group had the low ICs, value of the anti-cancer drugs, which means

that the above drugs were more sensitive to the low-risk We performed qRT-PCR, and the result demonstrated that
group (Figure 8). PTPRD-AS1, SPAG5-AS1, FAM27E3, and AC018647.3 were
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FIGURE 6
Immune cell infiltration analysis with TRLs risk group. (A) The ESTIMATE score, Immune score, and Stromal score diagrams. (B) The 28 type immune
cells in two risk groups by ssGSEA. (C) The level of 22 immune cell infiltration in two risk groups by the CIBERSORT algorithm. (D) PCA analysis of
immune cells between two groups. (E-=J) Correlation analysis of six prognostic biomarkers (PFTPRD-AS1, SPAG5-AS1, CHRM3-AS2, AC074286.1,
FAM27E3, and AC018647.3) and immune cells. * P < 0.05, ** P < 0.01, **** P < 0.0001, ns, not significant.

expression of FAM27E3 was associated with a good prognosis (P =
0.036). Moreover, the levels of FAM27E3 were increased in stages
II and grade I1I in OC. However, there was no significant difference
among different stages and grades (Supplementary Figure 2).
Among them, PTPRD-AS1, CHRM3-AS2, AC074286.1, and

significantly over-expressed in OC cell lines (SKOV3, A2780,
CAOV3) in comparison to normal IOSE-80 cells (P < 0.05).
AC074286.1 were over-expressed in A2780 and CAOV3 cells and
CHRM3-AS2 only in A2780 cells (P < 0.05) (Figure 9A). FAM27E3
had the highest expression in OC cell lines. We found that high
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AC018647.3 were independent prognostic factors of OC patients.
PTPRD-AS1 was strongly associated with the immune cells. In
addition, high expression levels of PTPRD-AS1 have been proven to
be associated with shorter survival of OC (35). But there is no
further experimental evidence. Thus, we selected PTPRD-AS1 for
more in-depth analysis. We utilized OS as the outcome measure to

evaluate its effect on prognostic outcomes. Our results
demonstrated a significant correlation between elevated PTPRD-
ASI expression and a poorer prognosis (P = 0.036, Supplementary
Figure 3A), which was consistent with the previous research.
Concurrently, we appraised the anti-cancer drugs sensitivity
analysis. Patients exhibiting high levels of PTPRD-AS1 showed a
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The oncoPredict algorithm predicted the ICsq values for ten anti-cancer drugs.
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Analysis of PTPRD-AS1 mRNA Levels in OC. (A) Comparative expression levels of six prognostic genes in OC cell lines (SKOV3, A2780, CAOV3) and
normal IOSE-80 cells by gRT-PCR. (B) Expression levels of PTPRD-AS1 in CAOV3 cells transduced with siRNA by qRT-PCR. (C—F) CCK8 assay,
colony formation assay, wound healing assay, and transwell assay in transduced CAOV3 cells. The experiments were repeated at least three times.
The One-way ANOVA was applied for statistical significance, * P < 0.05, ** P < 0.01, *** P < 0.001.

more favorable response to the drugs Rapamycin and Dasatinib
(Supplementary Figures 3B-F).

PTPRD-ASL1 inhibition suppresses CAOV3
cells proliferation, migration, and invasion

PTPRD-ASI exhibited the highest mRNA expression levels in
CAOV3 cells compared to other OC cell lines. Consequently,
CAOV3 cells were chosen for further functional analysis. We
achieved successful knockdown of PTPRD-ASI in CAOV3 cells
through transfection with Si-PTPRD-ASI (Figure 9B). Importantly,
the CCK8 assay and colony formation assay demonstrated a
reduction in the proliferative capacity of CAOV3 cells after the
knockdown of PTPRD-ASI1, respectively (Figures 9C, D).
Additionally, our findings indicated that the suppression of
PTPRD-ASI1 significantly impeded the metastatic and invasive
properties of CAOV3 cells (Figures 9E, F). Notably, qPCR
experiments revealed a significant downregulation of MMP2 and
MMP9 upon PTPRD-AS1 knockdown (Supplementary Figure 4).
Collectively, these results imply that the knockdown of PTPRD-AS1
exerts an inhibitory effect on the proliferation, migration, and
invasion of CAOV?3 cells.
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Discussion

OC remains a global malignancy characterized by metastatic
invasiveness and recurrence (36). Notably, prognosis models based
on IncRNAs have demonstrated accurate predictions for OC patient
outcomes (37, 38). Although the clinical application of IncRNAs as
predictive biomarkers is not yet fully understood, they offer distinct
advantages over protein and mRNA biomarkers due to their tissue
and stage-specific expression (39). This calls for more research to
identify similar biomarkers for OC. Telomeres play a crucial role in
preserving genomic integrity by safeguarding chromosome ends
(40). Interestingly, anomalies in telomeric structures have been
associated with various cancer types, underscoring their impact on
oncogenesis and tumor progression. However, few studies explore
the links between telomeres and IncRNAs in OC.

In this study, 79 TRGs were initially screened for differential
expression between normal samples and OC samples. Through
univariate Cox regression analysis, 10 TRLs were identified.
Subsequently, based on LASSO and multivariate analysis, the
prognostic model comprising 6 TRLs (PTPRD-AS1, SPAG5-AS]1,
CHRM3-AS2, AC074286.1, FAM27E3, and AC018647.3) was
constructed. Among them, PTPRD-ASI has been recognized as
an effective biomarker for predicting the prognosis of breast cancer
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patients and OC patients (41). SPAG5-AS1 can promote apoptosis
to improve and alleviate podocyte injury (42). CHRM3-AS2 was
highly expressed in glioma cells, and silencing of CHRM3-AS2
expression could inhibit glioma growth (43). AC074286.1 had been
proven as a protective IncRNA in glioma, and its high expression
showed a favorable prognosis (44). The expression of FAM27E3
was up-regulated in thyroid cancer, and the high expressions of
FAM27E3 suggested poor prognosis (45). However, the role of
AC018647.3 remains unexplored in the literature, so future studies
will necessitate investigations to unravel its functions
and mechanisms.

To evaluate the prognostic utility of the model for OC patients,
the OC patients were allocated into two risk groups. KM analysis
revealed the low-risk group had the higher OS. ROC analysis
demonstrated that the TRLs prognostic signature demonstrated
potential in predicting OS. Subsequently, we confirmed the risk
scores were the adverse prognostic factor. In addition, the
nomogram enhanced the applicability of the prognostic model in
clinical practice. The enrichment analysis was used to explore the
mechanisms of prognostic TRLs. GO terms revealed these genes
were observably related to fibrillar collagen trimer and collagen
fibrill organization. The KEGG pathway contained proteoglycans in
cancer and PI3K-Akt signaling pathway, etc. These biological
processes and pathways likely contribute to the high-risk group
towards poorer clinical OS.

We investigated the association between the characteristics of
OC tumors and immune infiltration. The high-risk group had
higher stromal score and estimate score, which might mean the
activation of diverse biological behavior within the tumor
microenvironment (46, 47). In addition, we find the levels of
regulatory T cells (Tregs) were comparatively higher in the high-
risk group, while the abundance of activated CD8 T cells and
monocytes was the opposite by ssGESA. CIBERSORT analysis
revealed that the high-risk group had significantly higher levels of
M, macrophages. Tregs are connected with dampening excessive
immune activation and preserving immune homeostasis (48).
Excessive activity of Tregs has the potential to promote the
development of tumors (49). The strategic targeting of Tregs to
restore a pro-inflammatory and immunogenic tumor
microenvironment has gained increasing attention as an attractive
approach for cancer treatment (50). CD8 T cells are the primary
effector cells crucial for anti-tumor responses in immunotherapy.
The phenomenon of CD8 T cell “exhaustion” frequently results in
the loss of control and advancement of tumors (51). Monocytes,
integral components of the mononuclear phagocyte system within
the innate immune system, are crucial regulators of cancer initiation
and progression. Distinct subsets of monocytes undertake diverse
functions, contributing to both pro-tumoral and anti-tumoral
immune responses (52). The expression of M, macrophages is
associated with a poor prognosis of OC (53). The study revealed
that M, macrophages stimulated the proliferation of OC cells, a
process associated with the elevated expression of MMP9 (54). We
observed discrepancies between the outcomes of ssGSEA and
CIBERSORT analyses, which may point to contradictions. The
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varying levels of immune activity could potentially account for
the poor prognosis observed in high-risk OC patients. It is
noteworthy that the connection between the risk stratification of
TRLs and immune response has not yet been verified. Elucidating
the underlying mechanisms of this association is a valuable area for
future investigation.

TMB is a critical measure of the tumor’s mutational load,
which is translated into antigens that are presented to T cells. An
elevated TMB can lead to the production of a greater number of
neoantigens, increasing the chances of T cell recognition. This
increased recognition may, in turn, enhance the efficacy of
treatments involving immune checkpoint inhibitors by
bolstering the immune system’s response against the tumor (55,
56). TMB levels are becoming widely acknowledged as a sensitive
indicator predicting clinical responses to immunotherapy across
diverse cancer types (57). Overall, TMB levels serve as a reflection
of effective immune activation, with research indicating that
higher TMB levels are associated with a greater likelihood of
benefiting from immunotherapy (58). To investigate the essential
roles of TMB in OC through somatic mutation analysis, we
identified somatic mutations in 247 patients, with 137 (99.28%)
in the high-risk group and 140 (99.29%) in the low-risk group.
Consistent with findings from other studies, the TP53 gene had
the highest mutation frequency (59). Moreover, The high-TMB
group exhibited superior survival rates in OC, corroborating
findings from the previous study (60). Interestingly, the high-
TMB combined with the low-risk group demonstrated the highest
OS rate, demonstrating that the low-risk group might derive more
significant benefits from immunotherapy.

Additionally, we looked at patients’ responses to drug
sensitivity, assessed through ICs, values. It is noteworthy that the
above anti-tumor drugs were more sensitive to the low-risk group.
In our subsequent analysis, we explored the correlation between
PTPRD-ASI expression and the sensitivity to the above anti-tumor
drugs. Our findings indicated that patients with elevated PTPRD-
ASI levels exhibited a significantly better therapeutic response to
Rapamycin and Dasatinib compared to those with lower levels.
Rapamycin, a multifaceted immunosuppressant, has demonstrated
therapeutic potential in the treatment of OC. Its antitumor activity
is mediated through the inhibition of the mTOR signaling pathway,
a critical cellular regulator of growth and proliferation (61, 62).
Dasatinib, a potent tyrosine kinase inhibitor, has exhibited
antitumor effects against OC (63). Collectively, these results
indicate that patients with elevated levels of PTPRD-AS1 may
respond more favorably to the therapeutic effects of Rapamycin
and Dasatinib.

We verified six prognostic genes by qRT-PCR. The PTPRD-
AS1, SPAG5-AS1, CHRM3-AS2, AC074286.1, FAM27E3 and
ACO018647.3 expression levels were significantly over-expressed in
OC cell lines (SKOV3, A2780, CAOV3) in comparison to normal
IOSE-80 cells. Notably, PTPRD-AS1 knockdown decreased cell
proliferation, migration, and invasion in OC. In addition, we
found a significant correlation between elevated PTPRD-ASI
expression and a poorer prognosis. And, PTPRD-AS1 was closely
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related to the immune cells. These results demonstrate that PTPRD-
AS1 might serve as an efficient biomarker in OC.

Our study holds distinctive advantages. First, our prognostic
model allows for a more nuanced understanding of the interactions
between TRLs and patient outcomes. The risk of disease
progression and prognosis for patients is evaluated by integrating
clinical data with the expression levels of TRLs. Second, our model
proposes a high-low risk stratification of patients and assesses their
susceptibility to anti-cancer drugs as well as the efficacy of
immunotherapy, which can facilitate more accurate treatment
approaches and follow-up plans, providing the basis for
personalized management and treatment strategies. Furthermore,
our research has uncovered a novel biomarker for OC, PTPRD-
AS1, which could be instrumental in identifying high-risk
populations. It has the potential to enhance both the sensitivity
and specificity of early diagnostic approaches, thereby improving
the detection rate among at-risk individuals.

There are still some limitations to our study. First, aside from
PTPRD-ASI, the remaining 5 TRLs need further experimental
verification to confirm their roles. Second, our analysis was
confined to the TCGA database, which means that our TRLs
prognostic model needs to be validated using external datasets
and ideally tested to test the predictive power of the model in a
multicenter, large-scale clinical trial. In addition, achieving
personalized precision studies depends on the integration of
varied datasets, including clinical and multi-omics study data.
Undoubtedly, our future research will be conducted in subsequent
papers, including in vitro and in vivo experimental studies to better
determine the capabilities of TRLs and mitigate the development of
OC. We also need to collect blood and tissue samples from OC
patients and integrate metabolomics and proteomics for
comprehensive detection and analysis. This study is the first to
verify the therapeutic potential of PTPRD-AS1 in OC. However, the
precise mechanism by which PTPRD-AS1 influences prognosis,
particularly its relationship with immune cell infiltration, remains
to be elucidated. To explore this, We plan to examine the
transcriptional effects of PTPRD-AS1 by conducting an RNA
sequencing (RNA-seq) analysis. This will be complemented by
the GO analysis to identify and characterize the functional roles
of differentially expressed TRGs, providing insights into the
mechanism of PTPRD-ASI. We will conduct flow cytometry
assays to evaluate the impact of PTPRD-AS1 knockdown on the
expression of OC cell surface markers. Additionally, we will co-
culture these cells with peripheral blood mononuclear cells
(PBMCs) or tumor-specific T cells to measure cytotoxic effects
and the proliferation of immune cells. Immunohistochemical
staining will be utilized to examine the spatial distribution and
concentration of immune cells within tumor tissues, including CD8
+ T cells, Monocytes, and Tregs. It is important to note that this
study does not include drug-related validation. Consequently,
future research will focus on pharmacokinetic studies to assess
drug delivery, distribution, and accumulation of Rapamycin and
Dasatinib in OC tissues.
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Shandong University Cancer Center, Jinan, Shandong, China, °Department of Thoracic Surgery,
Shandong Cancer Hospital and Institute, Shandong First Medical University, and Shandong Academy
of Medical Sciences, Jinan, Shandong, China

Objective: Develop a predictive model utilizing weakly supervised deep learning
techniques to accurately forecast major pathological response (MPR) in patients
with resectable non-small cell lung cancer (NSCLC) undergoing neoadjuvant
chemoimmunotherapy (NICT), by leveraging whole slide images (WSIs).

Methods: This retrospective study examined pre-treatment WSIs from 186
patients with non-small cell lung cancer (NSCLC), using a weakly supervised
learning framework. We employed advanced deep learning architectures,
including DenseNet121, ResNet50, and Inception V3, to analyze WSIs on both
micro (patch) and macro (slide) levels. The training process incorporated innovative
data augmentation and normalization techniques to bolster the robustness of the
models. We evaluated the performance of these models against traditional clinical
predictors and integrated them with a novel pathomics signature, which was
developed using multi-instance learning algorithms that facilitate feature
aggregation from patch-level probability distributions.
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Results: Univariate and multivariable analyses confirmed histology as a
statistically significant prognostic factor for MPR (P-value< 0.05). In patch
model evaluations, DenseNet121 led in the validation set with an area under
the curve (AUC) of 0.656, surpassing ResNet50 (AUC = 0.626) and Inception V3
(AUC = 0.654), and showed strong generalization in external testing (AUC =
0.611). Further evaluation through visual inspection of patch-level data
integration into WSIs revealed XGBoost's superior class differentiation and
generalization, achieving the highest AUCs of 0.998 in training and robust
scores of 0.818 in validation and 0.805 in testing. Integrating pathomics
features with clinical data into a nomogram yielded AUC of 0.819 in validation
and 0.820 in testing, enhancing discriminative accuracy. Gradient-weighted
Class Activation Mapping (Grad-CAM) and feature aggregation methods
notably boosted the model's interpretability and feature modeling.

Conclusion: The application of weakly supervised deep learning to WSIs offers a

powerful tool for predicting MPR in NSCLC patients treated with NICT.

KEYWORDS

non-small cell lung cancer, major pathological response, neoadjuvant
chemoimmunotherapy, whole slide image, weakly supervised learning

Introduction

The employment of neoadjuvant chemoimmunotherapy
(NICT) has risen as an effective method for managing resectable
non-small cell lung cancer (NSCLC). A number of research has
explored its viability and efficacy, showcasing that this strategy can
enhance pathological response rates and complete tumor removal.
Furthermore, it assists in managing microscopically invisible
metastases, thus favorably influencing patient outcomes (1-6).

In many trials focusing on neoadjuvant immunotherapy for
NSCLC, major pathological response (MPR) is considered a key
predictor for overall survival (OS) and disease-free survival (DFS).
However, the rates of MPR observed in current clinical research on
NICT display a wide variance, ranging from 18% to 83% (1, 3-5,
7-14). This disparity underscores that not all patients derive benefit
from NICT; indeed, ineffective treatment may lead to delays in
surgical intervention and an increased likelihood of immune-
related side effects. Consequently, crafting a dependable predictive
model for MPR response to NICT in patients with resectable
NSCLC is crucial, offering the potential to tailor treatments more
effectively and enhance patient outcomes.

Tissue specimens stained with Hematoxylin and Eosin (H&E)
contain a wealth of useful information for routine histopathological
analysis. Artificial intelligence (AI) is increasingly used to analyze
H&E stained histopathological images for differential diagnosis and
prognosis prediction in NSCLC studies, enhancing the evaluation of
conventional histological slides (15-22). This approach holds
immense potential for disease research, as AI algorithms can
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assist clinicians and pathologists in their decision-making by
analyzing whole slide images (WSIs).

Weakly supervised learning has garnered widespread attention
due to its significant advantage in reducing the workload of manual
annotation and has been gradually applied in the field of
pathological image analysis (23-25). The classic patch-based
weakly supervised method provides a specific workflow for
processing histological images. Due to the expansive dimensions
of WSIs, segmentation into smaller tiles is necessary for processing,
with an averaging method subsequently aggregating the tile-level
predictions for each slide (26). This approach has introduced a new
level of flexibility and application prospects in the realm of weakly
supervised learning for pathological image analysis.

In this study, we developed a weakly supervised deep learning
model utilizing pre-treatment WSIs to predict MPR in patients
undergoing NICT for NSCLC. The model’s predictions can serve as
a reference for physicians to enhance treatment planning.

Materials and methods
Data collection

The flowchart illustrating the cohort selection process for this
study is presented in Figure 1. This study initially enrolled 302
patients who received NICT followed by surgical intervention from
November 24, 2020, to March 10, 2024. However, 116 patients were
subsequently excluded based on predefined criteria. All pre-treatment

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1453232
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Han et al. 10.3389/fimmu.2024.1453232
Institution A Institution B Institution C
(Database 1) (Database 2) (Database 3)
Y
Non-small cell lung cancer receiving neoadjuvant
chemoimmunotherapy
(N=302)
Inclusion criteria: . s
(i) Age >18 years; Exclusion criteria :
(i) Con}lrme a = . or cell le | EGFR, ALK, ROS1, MET mutations (N=25);
5 - i 7’|(ii) Unresectable tumors/ (N=9);
carcinoma; 5 5
(iii) Other neoadjuvant therapies (N=8);
(iii) ECOG status 0-1; Z == -
. (iv) Pre-treatment H&E staining unavailable (N=51);
(iv) Measurable tumors; Poor/faded H&E staini i 23
Q Resectable stage IB (>4 cm) to ITIB tumors. v (o) Rt plaininZhnlit Oh2)
Total Eligible Patients
(N=186)
Y A 4
Database 2 (N=23)
Database 1 (N=150
atabasc Ny Database 3 (N=13) \
v v v
Training cohort Validation cohort Test cohort
(N=105) (N=45) (N=36)
FIGURE 1

Flowchart of the cohorts used in this study.

H&E-stained slides were digitized into WSIs using a WISLEAP
scanner and then converted to NDPI format via NDPView2
software. Ultimately, 186 patients contributing 212 WSIs diagnosed
with NSCLC were retrospectively selected from three institutions.
The allocation of patients across these institutions was as follows: 150
from Shandong Cancer Hospital (Database 1), 23 from Shanxi
Cancer Hospital (Database 2), and 13 from the First People’s
Hospital of Jining City (Database 3). Within the training cohort,
samples were apportioned into a training subset and an internal
validation subset at a 7:3 ratio. Due to sample size constraints, data
from Databases 2 and 3 were amalgamated to constitute the
test datasets.

Full details regarding the treatment protocols can be found in
Supplementary Data Sheet 2. This study was conducted in accordance
with the 8th edition of the American Joint Committee on Cancer
(AJCC) Tumor, Node, Metastasis (TNM) staging system. MPR was
defined as the presence of less than 10% viable tumor cells in the
pathological examination of the surgical specimen (27). The conduct
of this study was in strict compliance with the principles of the
Declaration of Helsinki and received ethical clearance from
the institutional review board (number: SDTHEC2024002010). This
study, which was retrospectively registered with the ResearchRegistry
(registration ID: researchregistry10216). Additionally, the study
received further ethical approvals from the Institutional Review
Board of the First People’s Hospital of Jining City (approval
number: JNRM-2024-KY-037) and the Medical Ethics Committee
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of Shaanxi Cancer Hospital [approval number: Ethics Review No. 39
(2024)]. Owing to its retrospective design and the absence of any risk
to participants, the need for informed consent was duly waived.
Figure 2 depicts the comprehensive workflow of our study.

Data processing

In processing the WSIs, which typically span dimensions of
approximately 100,000 x 50,000 pixels, we utilized a 20x
magnification to capture these images, resulting in a pixel
resolution of about 0.5 um/pixel. The WSIs were subsequently
divided into smaller segments of 512x512 pixels each. By employing
a series of image processing techniques, including grayscale
conversion, Otsu’s thresholding, and morphological operations
for background removal, we efficiently eliminated all white
backgrounds from these patches. This process resulted in over
17,000 distinct, non-overlapping tiles.

During the model’s training phase, we incorporated online data
augmentation strategies to increase the dataset’s variability. This
included random horizontal and vertical flips of the image patches.
To maintain a standardized input size, we meticulously performed
center cropping to adjust the dimensions to 224 x 224 pixels, and
specifically to 299 x 299 pixels for the Inception V3 architecture.
Additionally, Z-score normalization was applied to the RGB
channels to normalize the distribution of pixel values.
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FIGURE 2

Overall workflow of the study.

Weakly supervised learning

In our study, we employed deep learning algorithms to facilitate
predictive analysis at both the micro (patch) and macro (WSI)
levels. The segmentation of WSIs into smaller, discrete patches was
undertaken, ensuring that each patch from a single specimen
uniformly bore the same MPR designation. To predict outcomes
at the patch level, we meticulously evaluated three prominent neural
network architectures: DenseNet121, ResNet50, and Inception V3.
The objective was to ascertain the precision with which each patch
could be classified into a category mirroring its overarching
WESI classification.

To improve the generalizability of our pathology model, we
optimized the learning rate employing a cosine decay algorithm,
ensuring a refined and effective adjustment over the training period.
This approach is characterized as follows:

. 1 . . T
r’t = nlmin += (nlmax - n:nin) 1+ cos —ar T
2 T;
In this formulation, Nk, = 0 sets the minimum learning rate,

Ninax = 0.01 establishes the maximum learning rate, and T; = 50
denotes the number of epochs in the iterative training process. This
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learning rate schedule employs a gradual diminution strategy,
enabling precise model refinement throughout the training phase.

For further refinement of the training approach and to increase
predictive accuracy, we utilized stochastic gradient descent as the
optimization technique. Additionally, softmax cross-entropy served
as the loss function, aiding in calculating the probability
distribution over the intended target classes.

Multi-instance learning for WSI integration

Upon completing the training of our deep learning model, we
directed our efforts towards predicting labels and corresponding
probabilities for individual patches. Subsequently, these
probabilities were aggregated through a classifier to formulate
predictions at the WSI level. In our study, we employed the
densenet121 model to predict labels and obtain corresponding
probabilities for each patch, denoted as Patch,, and Patchy.q,
respectively. The prediction probabilities were precisely rounded to
two decimal places.

In our study, we developed two machine learning strategies for
integrating patch-level probabilities. Firstly, employing histogram
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feature aggregation for the Probability Label Heatmap (PLH), we
categorized each unique numerical value as a “bin,” monitoring the
occurrence of data types within these bins. We specifically tallied the

frequencies of Patch,, and Patch,4 in each bin and applied min-

T
max normalization across all featur};s. This process culminated in the
generation of Histo,,,, and Histo,,.q, enhancing data interpretability.
Secondly, we implemented the Bag of Words (BoW) feature
aggregation method, initiating with a comprehensive dictionary
comprising unique dataset elements. Each patch was vectorized
according to the presence of these elements, with further
refinement via term frequency-inverse document frequency (TF-
IDF) transformation, emphasizing the significance of unique,
informative features. This approach yielded a BoW feature
representation for each patch, effectively encapsulating feature
presence and relevance. The final BoW features, denoted as
BoW o and BoW,,4 offered a comprehensive, weighted overview,
priming them for advanced analytical applications.

In the final phase of our feature fusion approach, based on
multi-instance learning, we integrated previously derived features:
Histoy, Histopreq, Bowpyrgy, and Bowpeq. To accomplish  this
integration, we employed a feature concatenation method
symbolized by @, effectively merging these distinct feature sets
into a single, comprehensive feature vector. The specific formula for
this concatenation is as follows:

featureggon = Histopop @ Histopq @ BoWpryp © Bow,pe

Pathomics signature

In our study, we developed a nuanced pathomics signature by
integrating patch-level predictions, probability histograms, and TF-
IDF features to create individualized patient profiles. To refine
feature selection, we employed the Pearson correlation coefficient,
retaining only one feature from each pair with a correlation
exceeding 0.9. The model integrates a diverse array of machine
learning methodologies, encompassing Logistic Regression (LR),
Support Vector Machine (SVM), Random Forest, LightGBM,
ExtraTrees, and XGBoost. Together, these techniques form what
is termed the pathomics signature.

Model evaluation and statistical analysis

Model accuracy was evaluated through receiver operating
characteristic (ROC) curves. Statistical analyses, comprising
independent sample t-tests for continuous variables and y” tests
for discrete variables, were performed to evaluate differences in
patients’ clinical characteristics. Univariate and multivariate logistic
regression analyses were utilized to examine clinical characteristics,
retaining those with P-values< 0.05 in the combined model for
further use. For practical clinical application, we integrated
significant clinical characteristics with the pathomics signature
into a combined model, which is visualized through a nomogram
for ease of interpretation.
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All selected patients were regularly followed up through
outpatient visits and telephone check-ins. During the follow-up
period, they underwent routine physical examinations and chest-
enhanced computed tomography (CT) scans, with additional tests
such as positron emission tomography-computed tomography
(PET-CT), ultrasound, bronchoscopy, magnetic resonance
imaging (MRI), or whole-body bone scans as necessary. For
patients with more than one month since the last recorded entry
in the case system, we conducted telephone follow-ups to assess
their condition and survival status. The last follow-up for all
patients was conducted on August 18, 2024, with a median
follow-up time of 21 months (range: 3-44 months). In our study,
DFS was defined as the interval from the date of curative lung
cancer resection to the first occurrence of recurrence, metastasis,
death from any cause, or the last follow-up. OS was defined as the
time from the initiation of treatment to death from any cause or the
last follow-up. Kaplan-Meier analysis was used to estimate DFS and
OS, and comparisons between groups were performed using the
log-rank test.

The deep learning models in this study were trained on robust
hardware, including an Intel i9-14900k CPU, 64GB of RAM, and an
NVIDIA RTX 4090 GPU. For our analysis, we employed a blend of
software tools alongside custom scripts to achieve precise and efficient
processing. Medical image segmentation and processing were
facilitated using ITK-SNAP v3.8.0. Our computational work,
spanning from modeling to data analysis, was primarily executed in
Python v3.7.12, leveraging essential libraries such as PyTorch v1.8.0 for
deep learning algorithms, scikit-learn v1.0.2 for machine learning.

Results
Patients data and clinical features

Table 1 summarizes the baseline characteristics of our study
cohort. Notably, the MPR rate was 63.4%(118/186). The cohort
predominantly consisted of male patients, representing 89.2%(166/
186), with the majority undergoing 2 to 3 cycles of neoadjuvant
therapy, which accounted for 89.8%(167/186). Squamous cell
carcinoma emerged as the leading histological type, comprising
72.6%(135/186) of cases, and most patients were classified under
clinical TNM stage III (136/186, 73.1%). Through detailed
univariate and multivariable analysis of clinical features, histology
was identified as an independent prognostic factor for MPR,
showing statistical significance with a P-value below 0.05, as
illustrated in Table 2.

The performance of the clinical model, assessed using the area
under the curve (AUC) metric, revealed distinct levels of
discrimination capability across various machine learning
algorithms and datasets. LR exhibited modest effectiveness in the
training set (AUC = 0.735), but its performance significantly declined
in the validation set (AUC = 0.484), highlighting a notable reduction
in its discriminative power. The SVM algorithm demonstrated
superior discrimination in the training set (AUC = 0.871), though
it achieved only moderate results in the validation set (AUC = 0.585).
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TABLE 1 Baseline characteristics of all cohorts.

Training cohort(n=105) Validation cohort(n=45) Test cohort(n=36)
Characteristics  Non-MPR ~ MPR Non-MPR  MPR Non-MPR  MPR
(n=47) (n=58) (n=14) (n=31) P value (n=7) (n=29) P value
Age 0.642 0.421 1.0
260 15(31.91) 15(25.86) 7(50.00) 10(32.26) 2(28.57) 9(31.03)
<60 32(68.09) 43(74.14) 7(50.00) 21(67.74) 5(71.43) 20(68.97)
Gender 0.099 0.547 0.838
Female 8(17.02) 3(5.17) 1(7.14) 6(19.35) 1(14.29) 1(3.45)
Male 39(82.98) 55(94.83) 13(92.86) 25(80.65) 6(85.71) 28(96.55)
Smoking status 0.339 0.948 1.0
No 18(38.30) 16(27.59) 5(35.71) 13(41.94) 1(14.29) 4(13.79)
Yes 29(61.70) 42(72.41) 9(64.29) 18(58.06) 6(85.71) 25(86.21)
Alcohol status 0.119 1.0 1.0
No 36(76.60) 35(60.34) 10(71.43) 22(70.97) 4(57.14) 19(65.52)
Yes 11(23.40) 23(39.66) 4(28.57) 9(29.03) 3(42.86) 10(34.48)
Histology 0.004 0.549 0.049
Adenocarcinoma 24(51.06) 13(22.41) 3(21.43) 3(9.68) 4(57.14) 4(13.79)
SCC 23(48.94) 45(77.59) 11(78.57) 28(90.32) 3(42.86) 25(86.21)
Surgical approach 0.383 1.0 0.808
Thoracotomy 30(63.83) 31(53.45) 8(57.14) 18(58.06) 1(14.29) 8(27.59)
VATS 17(36.17) 27(46.55) 6(42.86) 13(41.94) 6(85.71) 21(72.41)
Neoadjuvant therapy cycle 0.583 0.053 0.634
1 1(2.13) 0 1(7.14) 0 1(14.29) 1(3.45)
2 24(51.06) 35(60.34) 5(35.71) 20(64.52) 3(42.86) 12(41.38)
3 17(36.17) 18(31.03) 8(57.14) 8(25.81) 3(42.86) 14(48.28)
4 5(10.64) 5(8.62) 0 3(9.68) 0 2(6.90)
Clinical T stage 0.839 0.819 0.591
1 3(6.38) 2(3.45) 2(14.29) 2(6.45) 2(28.57) 5(17.24)
2 22(46.81) 26(44.83) 5(35.71) 12(38.71) 2(28.57) 16(55.17)
3 11(23.40) 17(29.31) 4(28.57) 8(25.81) 2(28.57) 4(13.79)
4 11(23.40) 13(22.41) 3(21.43) 9(29.03) 1(14.29) 4(13.79)
Clinical N stage 0.277 0.19 0.447
0 10(21.28) 9(15.52) 2(14.29) 13(41.94) 0 5(17.24)
1 9(19.15) 19(32.76) 4(28.57) 6(19.35) 2(28.57) 9(31.03)
2 28(59.57) 30(51.72) 8(57.14) 12(38.71) 5(71.43) 15(51.72)
Clinical TNM stage 0.13 0.571 0.285
1 2(4.26) 1(1.72) 0 1(3.23) 0 0
11 7(14.89) 18(31.03) 3(21.43) 10(32.26) 0 8(27.59)
11 38(80.85) 39(67.24) 11(78.57) 20(64.52) 7(100.00) 21(72.41)
Surgical procedure 0.242 0.445 0.087
(Continued)
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TABLE 1 Continued

Training cohort(n=105) Validation cohort(n=45) Test cohort(n=36)

Characteristics Non-MPR MPR Non-MPR MPR Non-MPR MPR

(n=47)  (n=58) ~ VY€ (1_14)  (n=31) Pvalue (n=7)  (n=29) P value
Bilobectomy 6(12.77) 5(8.62) 3(21.43) 3(9.68) 0 3(10.34) ‘
Lobectomy 36(76.60) 51(87.93) ‘ 10(71.43) 27(87.10) ‘ 6(85.71) 26(89.66) ‘
Pneumonectomy 5(10.64) 2(3.45) 1(7.14) 1(3.23) 1(14.29) 0 ‘

MPR, major pathologic response; Non-MPR, non-major pathologic response; SCC, Squamous cell carcinoma; VATS, video-assisted thoracic surgery.

TABLE 2 Univariable and multivariable analysis for predicting major pathological response in non-small cell lung cancer after
neoadjuvant chemoimmunotherapy.

Univariate Analysis Multivariate Analysis
Variables
OR(95% Cl) P value OR(95% CI) P value

Age (<60) 1.255 (0.661, 2.380) 0.487

Smoking status (No) 1.455 (0.766, 2.760) 0.252

Alcohol status (No) 1.485 (0.769, 2.868) 0.239

Gender (Female) 1.912 (0.752, 4.862) 0.173

Histology (Adenocarcinoma) 3.784 (1.929, 7.423) <0.001 3.784(1.929,7.423) <0.001
Surgical approach (Thoracotomy) 1.378 (0.755, 2.517) 0.297

Neoadjuvant therapy cycle

1 Reference
2 6.281 (0.628, 62.780) 0.118
3 4.556 (0.450, 46.113) 0.199
4 6.000 (0.490, 73.455) 0.161
Clinical T stage
1 Reference
2 1.117 (0.369, 3.384) 0.845
3 1.024 (0.316, 3.318) 0.969
4 1.040 (0.315, 3.436) 0.949
‘ Clinical N stage
0 Reference
1 1.007 (0.405, 2.507) 0.987
2 0.644 (0.292, 1.420) 0.276

Clinical TNM stage

I Reference
I 3.600 (0.449, 28.858) 0.228
111 1.473 (0.201, 10.770) 0.703

‘ Surgical procedure

Bilobectomy Reference
Lobectomy 1.684 (0.656, 4.322) 0.278
Pneumonectomy 0.351 (0.070, 1.761) 0.203

OR, odds ratio; CI, confidence interval; SCC, squamous cell carcinoma; VATS, video-assisted thoracic surgery.
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Both Random Forest and ExtraTrees algorithms displayed
commendable results in the training set (AUC = 0.799 and 0.810,
respectively), yet their efficacy was moderate to modest in the
validation and test sets. XGBoost demonstrated consistent
performance with good results in both the training (AUC = 0.722)
and test sets (AUC = 0.714), but it exhibited suboptimal performance
in the validation set (AUC = 0.492). LightGBM presented moderate
performance across all datasets, with AUC scores of 0.674, 0.563, and
0.667 for the training, validation, and test sets, respectively
(Supplementary Figure 1).

Pathomics signature

Our pathology models™ ability to discern regional features was
rigorously evaluated using ROC curves at the patch level. DenseNet121,
among the models assessed, distinguished itself in the validation set,
achieving an AUC of 0.656 (95% CI: 0.651-0.661), thereby surpassing
both ResNet50 (AUC = 0.626, 95% CI: 0.621-0.631) and Inception V3
(AUC = 0.654, 95% CI: 0.649-0.660). Additionally, DenseNet121
demonstrated commendable generalization with an AUC of 0.611
(95% CI: 0.603-0.619) in the external test set. The comparative analysis
of these models is illustrated in Figures 3A-C.

To further evaluate our model’s effectiveness, we visually
inspected the amalgamation of patch-level data into WSIs.

10.3389/fimmu.2024.1453232

Among the machine learning techniques assessed, XGBoost
outperformed others, delivering the highest AUC scores in the
training and testing phases. With an AUC of 0.998 in the training
phase, XGBoost demonstrated exemplary discriminative prowess.
In the validation phase, it achieved a robust AUC of 0.818 and
maintained a strong AUC of 0.805 in the testing phase, indicating
reliable performance. XGBoost’s consistent AUC superiority reveals
its remarkable capacity for class differentiation and generalization
to unseen data (Figures 3D-F).

Gradient-weighted class activation mapping (Grad-CAM)
generates visual maps by tracing gradients in the network’s final
convolutional layer, preserving key spatial details relevant to the
classification task, details that are often lost in fully connected
layers. This technique seamlessly fits into existing neural
architectures without necessitating any model modifications or
retraining. Figure 4 demonstrates this, by providing a clear
depiction of the last convolutional layer’s contribution in the
model’s predictive response, enhancing interpretability of the
model’s decision-making. Predictive label and probability
heatmaps were obtained to assist in the evaluation. As depicted in
Figure 5, the prediction heatmap vividly showcases our pathological
model’s high accuracy when assessing regional tiles. The results
indicate that feature modeling has been notably improved following
aggregation via the BoW and PLH processes. This signifies the
efficacy of our feature aggregation methodology.
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FIGURE 3

Prediction model evaluation. (A) Patch-level area under the curve (AUC) for t
for the Resnet50 prediction model; (C) Patch-level AUC for the Inception v3
prediction model in the training cohort; (E) WSI-level AUC for the prediction
model in the testing cohort
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he DenseNetl121 prediction model across cohorts; (B) Patch-level AUC
prediction model; (D) whole slide image (WSI)-level AUC for the
model in the validation cohort; (F) WSI-level AUC for the prediction
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FIGURE 4
Use of Grad-CAM to illustrate activation in the final convolutional layer of the prediction model.

Model fusion and performance signatures indicates that the nomogram consistently secures
marginally higher AUC values than the pathomics signature on

The nomogram, an integrative tool combining clinical and  its own, observed in both validation and test datasets. Notably, the
pathomics information, is effectively illustrated in Figure 6. The = nomogram records an AUC of 0.819 in the validation group and
assessment of AUC scores for clinical, pathomics, and nomogram  0.820 in the test group, reflecting an effective amalgamation of

H&E slide Prediction probability heatmap Probability labels

MPR

Non-MPR

. ! .
00
FIGURE 5

Probability and prediction heatmap of the prediction model. This image displays the whole slide image (WSI)-level hematoxylin and eosin slide (left),
a heatmap of the prediction probabilities for each patch (middle), and the result prediction map for the WSI (right). Major pathological response
(MPR) is primarily predicted with a probability label of 1, whereas non-major pathological response (Non-MPR) is predominantly predicted with a
probability label of 0.
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FIGURE 6

Clinical nomogram to predict major pathological response in non-small cell lung cancer patients post-neoadjuvant chemoimmunotherapy.

features for refined discriminative accuracy. The pathomics
signature alone exhibits formidable discriminative strength across
all datasets, with an almost perfect AUC of 0.998 in training. The
clinical signature, however, reveals a descending trajectory in
discriminative capacity, with an AUC drop from 0.799 in training
to 0.613 in validation and further to 0.584 in testing, thereby
emphasizing the incremental benefit of pathomics feature
integration in enhancing model efficacy (Supplementary Table 1,
Figure 7A). Utilizing the DeLong test for statistical comparison, the
nomogram, which synthesizes clinical and pathomics attributes,
demonstrated augmented predictive superiority. The performance
elevation of the nomogram over the clinical-only model was
statistically significant, registering a P-value less than 0.05, hence
confirming the added value of integrating pathomics insights into
clinical predictions (Figure 7B).

Clinical outcomes

Figures 8A, B present the DFS and OS curves for patients
treated with NICT, comparing the MPR group to the Non-MPR
group. The analysis reveals that the MPR group exhibited
significantly improved DFS and OS outcomes, with statistically
significant differences between the two cohorts.

Discussion

In this study, our objective was to develop an accurate predictive
model for MPR in NSCLC patients undergoing NICT. By
integrating machine learning analyses of clinical data, we
established a clinical signature grounded in machine learning
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Assessment of model efficacy in forecasting major pathological responses to neoadjuvant chemoimmunotherapy in training, validation, and test
cohorts. (A) receiver operating characteristic curves depicting prediction accuracy of signatures; (B) DeLong test comparisons among

various signatures
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Kaplan-Meier survival analysis of disease-free survival (DFS) (A) and overall survival (OS) (B) between major pathological response (MPR) and non-

major pathological response (Non-MPR) groups.

principles. Moreover, we assessed the predictive value of pathomics
data on MPR outcomes. Leveraging a weakly supervised deep
learning framework trained on WSIs with multi-instance
aggregation, we achieved precise predictions of MPR at the
patient level, culminating in the establishment of a pathomics
signature. The pinnacle of our study involved merging the
derived clinical features with the pathomics signature into a
unified nomogram, crafted for extensive interpretability and
detailed examination, offering a methodology for MPR prediction
in NSCLC patients receiving NICT. This integrated approach
represents a significant fusion of clinical insights with advanced
machine learning techniques and, to our knowledge, it pioneers the
use of WSI for the first-time prediction of MPR in NSCLC patients
treated with NICT, setting a new benchmark in the field.

MPR is gaining recognition as a pivotal prognostic marker in
resectable NSCLC, particularly when considering the context of
NICT. The capability of MPR to accurately mirror the tumor’s
response to therapeutic interventions is essential for predicting
patient outcomes effectively. Research demonstrates MPR’s link to
improved long-term OS among NSCLC patients who receive
neoadjuvant chemotherapy, underscoring its significance as both
a surrogate endpoint for survival and a critical measure for
evaluating neoadjuvant therapy in clinical trials (28).
Additionally, comprehensive studies exploring the prognostic
relevance of MPR in NSCLC patients undergoing NICT have
found a strong correlation with enhanced DFS and OS,
supporting the use of MPR as a surrogate marker for survival
outcomes in the evaluation of NICT’s effectiveness (2, 4, 6, 29, 30).
Our research, in conjunction with these findings, accentuates the
crucial role of MPR in assessing the success of neoadjuvant
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treatment approaches in NSCLC, thereby validating our decision
to use MPR as a predictor of NICT’s efficacy in this clinical setting.

In the field of deep learning model development, access to large
datasets and high-quality annotations is crucial for training high-
performance models. However, the high resolution of WSI presents
significant challenges for detailed annotation. Consequently,
researchers have developed a new training method using limited
annotations, known as weak supervision (31, 32). In the realm of WSI
classification under weak supervision, a significant portion of
research has predominantly concentrated on employing multiple
instance learning (MIL) techniques (33-36). The MIL approach
identifies the relative importance of each image patch for model
prediction by analyzing histopathological images, allowing the model
to autonomously learn to recognize morphological features of
diseases without the need for manual annotations. In this research,
we applied a weakly supervised learning framework using MIL on
pre-treatment WSIs to forecast MPR in NSCLC patients post-NICT,
achieving an AUC of 0.998 in training, and demonstrating robust
performance with AUCs of 0.818 in validation and 0.805 in testing
phases. Additionally, we enhanced our model’s interpretability in
decision-making by utilizing GradCAM localization mapping, which
facilitated the evaluation through predictive labels and probability
heatmaps. GradCAM uniquely enables target localization in models
trained using only image labels by incorporating guided
backpropagation, precisely determining pixel-level importance in
predictive areas, thus offering significant benefits for applications
like cancer subtype classification (37-39).

This study has several limitations, including a small sample size
and reliance on a retrospective cohort, which may affect the
generalizability of our findings. To validate our results and
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strengthen the conclusions drawn, future research with a larger
sample size and a prospective design is essential. Furthermore, the
developed model focuses on pathological images and clinical
features without incorporating conventional imaging data, such as
CT scans, or molecular information like genetic and protein
expressions. Acknowledging the dynamic nature of AI models,
future iterations will aim to incorporate multidimensional patient
data to enhance the performance of model predictions.

Moving forward, our research will focus on several key areas.
First, we plan to conduct prospective studies to validate our findings
and evaluate the model’s applicability across diverse populations
and clinical settings. Additionally, we aim to develop advanced
visualization and interpretation tools to improve model
transparency and facilitate its use by clinicians in decision-
making processes. Finally, we will explore strategies for
integrating the predictive model into existing clinical workflows,
with an emphasis on feasibility, usability, and acceptance in real-
world clinical environments.

Conclusion

The utilization of weakly supervised deep learning for analyzing
WSIs provides a potent predictive tool for MPR in NSCLC patients
undergoing NICT. By enhancing treatment precision, this model
promises not only to improve patient outcomes but also to refine
therapeutic strategies. Future work will aim to incorporate extensive
multimodal data, further improving the predictive accuracy and
robustness of our models.
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on efficacy of immunotherapy
in lung cancer patients:
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Objective: Pain is a prevalent discomfort symptom associated with cancer, yet
the correlations and potential mechanisms between pain and the efficacy of
cancer immunotherapy remain uncertain.

Methods: Non-small cell lung cancer (NSCLC) patients who received immune
checkpoint inhibitors (ICls) in the inpatient department of Guangdong Provincial
Hospital of Chinese Medicine from January 1, 2018, to December 31, 2021, were
retrospectively enrolled. Through cox regression analysis, prognostic factors and
independent prognostic factors affecting the efficacy of ICls were identified, and
a nomogram model was constructed. Hub cancer-related pain genes (CRPGs)
were identified through bioinformatic analysis. Finally, the expression levels of
hub CRPGs were detected using an enzyme-linked immunosorbent
assay (ELISA).

Results: Before PSM, a total of 222 patients were enrolled in this study. Univariate
and multivariate cox analysis indicated that bone metastasis and NRS scores were
independent prognostic factors for the efficacy of ICls. After PSM, a total of 94
people were enrolled in this study. Univariate cox analysis and multivariate cox
analysis indicated that age, platelets, Dnlr, liver metastasis, bone metastasis, and
NRS scores were independent prognostic factors for the efficacy of ICls. A
nomogram was constructed based on 6 independent prognostic factors with
AUC values of 0.80 for 1-year, 0.73 for 2-year, and 0.80 for 3-year survival. ELISA
assay results indicated that the level of CXCL12 significantly decreased compared
to baseline after pain was relieved.
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Conclusion: Baseline pain is an independent prognostic factor affecting the
efficacy of ICls in lung cancer, potentially through CXCL12-mediated
inflammation promotion and immunosuppression.

baseline pain, immunotherapy, lung cancer, prognostic model, peripheral inflammatory
cells, C-X-C motif chemokine ligand 12

Background

Pain is a prevalent complication of cancer, with an estimated
incidence of approximately 44.5% among cancer patients (1).
Inadequate management of pain have profound effects on physical
and emotional well-being, exacerbating anxiety, anger, and depression,
and significantly diminishing quality of life (2-4). Furthermore, pain
has been shown to suppress immune responses and facilitate tumor
growth (5). Refractory cancer pain significantly diminishes the quality
of life for individuals with cancer and is intricately linked to a decline
in overall survival (OS) (6). Among patients with lung cancer, as many
as 50% will endure pain that detrimentally impacts the efficacy of
tumor therapies and their prospects for survival (7).

Tumor immune microenvironment (TME) is a complex
component and tumor cells can evade the killing effect of various
therapies through reprogramming metabolism (8), angiogenesis
and other methods. In recent years, immunotherapy has emerged
as a crucial component in the treatment of tumors (9). The effect of
this treatment is closely related to the complex composition of the
tumor immune infiltrating microenvironment (10, 11). Though
some patients may experience long-term survival benefits from ICIs
treatment, particularly those in late-stage, the response rate was
limited to approximately 23% (12). Furthermore, as high as to 80%
patients still exhibit primary drug resistance (13). This resistance
persists even in patients with high PD-L1 expression levels, with
approximately 50% of these patients showing resistance to ICIs
treatment (14). Many studies have indicated that baseline
characteristics including age, gender, and brain metastasis can
impact the effectiveness of ICIs in lung cancer (15). Nevertheless,
there is limited understanding regarding the potential impact of
baseline pain on survival outcomes in lung cancer patients
undergoing treatment with ICIs.

Certain studies have found that the significance of pain
persisted even after accounting for various clinical variables such
as age, gender, performance status, and disease stage in
multivariable analysis (15, 16). A preliminary investigation into
the prognostic value of Patient-Reported Outcomes (PRO) and
performance status in forecasting survival among patients with
metastatic lung cancer undergoing chemoimmunotherapy
indicated that pain levels reported in PRO can be a valuable
predictor of OS and progression-free survival (PES) (17).

Frontiers in Immunology

Cancer related pain is characterized by a combination of
nociceptive and neuropathic components, with evidence suggesting
that tumor-infiltrating neutrophils play a role in the development of
cancer-related inflammation and neuropathic pain (18, 19). A recent
study indicated that neutrophils was demonstrated remarkable
complexity, and was characterized by 10 distinct states
encompassing inflammation, angiogenesis, and antigen
presentation (11). Neutrophil infiltration within the tumor
microenvironment (TME) has been shown to potentially elevate
peripheral neutrophil levels, which could impede the trafficking of
anti-cancer T cells (20). The enumeration of diverse leukocytes and
soluble factors in peripheral blood can serve as an indirect indicator
of the immune profile of the cancer, with neutrophils and
lymphocytes frequently representing the predominant subtypes
(21). In accordance with the findings of numerous studies, an
elevated baseline neutrophil-to-lymphocyte ratio (NLR) typically
correlates with an unfavorable prognosis (22). This adverse
association extends to patients undergoing treatment with ICIs. In
a comprehensive pan-cancer study, elevated NLR was correlated with
decreased OS, PFS, and objective response rate (ORR) (23). Kargl
et al. discovered a negative correlation between tumor-infiltrating
neutrophils and CD8-expressing T cells in NSCLC specimens (24),
with further investigations revealing a connection between
intratumoral NLR and reduced effectiveness of ICIs (25). Using a
mouse model of lung cancer, the researchers demonstrated that
antagonizing neutrophils restored the infiltration of tumor CD8 T
cells and improved the efficacy of anti-PD1 treatment (25). In the
pathogenesis of nociceptive pain associated with another type of
cancer, calcitonin gene-related peptide (CGRP) serves as a crucial
signaling molecule that can induce hyperalgesia and impact the
tumor microenvironment (26). Cancer cells interact with
nociceptor neurons and stimulate the release of CGRP, leading to
increased exhaustion of cytotoxic CD8 T cells (27), which in turn
hinders their ability to eliminate tumors and diminishes the
effectiveness of ICIs (28).

Therefore, we conducted a retrospective analysis to determine
whether baseline pain is an independent prognostic factor
for ICIs. We also performed a bioinformatics analysis to
elucidate the underlying possible mechanisms. Finally, the
expression level of hub CRPGs were detected using enzyme
linked immunosorbent assay.
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Methods and materials
Study oversight

In this retrospective cohort study, lung cancer patients who
received ICIs treatment were recruited from the inpatient
department of Guangdong Provincial Hospital of Chinese
Medicine from January 1, 2018, to December 31, 2021. Data
collected was performed by medical record system and telephone
follow-up. The sample used to detect the expression level of hub
CRPGs in ELISA assay comes from a prospective study. This study
conformed to the Helsinki Declaration and was approved by the
Ethics Committee of Guangdong Provincial Hospital of Chinese
Medicine. The ethical batch number are ZE2024-027-01 and
BF2020-277-02, respectively.

Participants

The inclusion criteria for patients were as follows: 1. Patients
diagnosed with lung cancer by histological or cytological pathological
examination; 2. Patients aged 18 years or older; 3. Patients received at
least one course of ICIs treatment, whether alone or in combination;
4. Baseline NRS scores were recorded. The exclusion criteria for
patients were as follow: 1. Unidentified pathological types, non-
primary lesions, or more than two pathological types; 2. Patients
with multiple organ primary cancers; 3. Missing follow-up data; 4.
Completely missing clinical and laboratory data.

Intervention

All enrolled lung cancer patients received at least one course of
ICIs treatment, either alone or in combination with chemotherapy
or targeted therapy. There were no restrictions on the types of ICIs.
The determination of whether patients received ICIs treatment was
obtained from the medical records system.

Comparisons

According to NRS scores, the patients were divided into a Pain
group (NRS scores > 0) and a Non-Pain group (NRS scores = 0). By
comparing the clinical factors between the two groups, we identified
key factors affecting the efficacy of ICIs mediated by pain. Kaplan-
Meier (KM) survival analysis was used to evaluate the survival
differences between the two groups. A P-value of the log-rank test
less than 0.05 was considered significant. All tests were two-sided,
with an o of 0.05.

Outcome measures

The main outcome measure is overall survival (OS), defined as
the time from the start of ICIs treatment to the occurrence of death.
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Propensity score matching

To mitigate differences between the Pain group and the Non-
Pain group, we employed Propensity Score Matching (PSM)
analysis. Even with only one confounding variable, we included
all variables in the PSM analysis to ensure more reliable results.
Nearest neighbor matching was utilized as the matching method,
with a caliper value set to 0.05, and a 1:1 ratio of the target group to
the control group.

Cox regression analysis and
nomogram construction

Univariate cox analysis was used to identify the prognostic
factors affecting the efficacy of ICIs, and multivariate cox analysis
was used to identify the independent prognostic risk factors
affecting the efficacy of ICIs. The P value of log rank test <0.05
was considered to be significantly different. For the prognostic
factors with significant differences in multivariate cox analysis, it
was further used to construct nomogram for prognosis evaluation
of patients. According to the risk score of the model, KM survival
analysis was used to evaluate the difference between them. Finally,
ROC curve was used to evaluate the reliability of the model.

Construction of cancer-related pain matrix

The chip data GSE93157 and platform annotation files
GPL19965 of patients with NSCLC receiving ICIs treatment were
obtained from the GEO database. This data was published by Prat A
et al. in Cancer Research in 2017. The authors utilized the
PanCancer 730-Immune Panel to analyze tumor samples from 65
patients treated with anti-PD-1 therapy for melanoma, lung cancer,
and head and neck cancer on the nCounter system (29). Among
them, there were 13 cases of squamous cell carcinoma and 22 cases
of non-small cell non-squamous cell carcinoma, totaling 35 cases.
The patients were treated with either NIVOLUMAB or
PEMBROLIZUMAB. The targets of cancer-related pain were
identified by searching the GeneCards database using the
keyword “cancer related pain” and intersecting with genes in the
GSE93157 chip. Subsequently, the expression levels of these targets
were extracted to create the NSCLC Cancer Related Pain Matrix.

Consistency cluster analysis and differential
expression analysis

Unsupervised learning was conducted utilizing the K-means
consensus clustering method to partition the NSCLC Cancer
Related Pain Matrix into distinct modules, based on the
coherence of internal pain gene expression. Subsequently, the
limma package was employed to conduct differential expression
analysis between modules, with the threshold set at log |FC (Fold
Change)| > 1 and a P value < 0.05.
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GO and KEGG functional
enrichment analysis

For the gene set functional enrichment analysis, the KEGG
REST API was utilized to access the most recent KEGG Pathway
gene annotations and genes in the org.Hs.eg.db. The GO annotation
served as the background for the analysis, with DEGs being mapped
to this background set. Enrichment analysis was then conducted
using the R software package clusterProfiler to determine gene set
enrichment outcomes. The minimum gene set size was established
at 5, while the maximum gene set size was set at 5000. Significance
was determined by a P value of < 0.05 and a false discovery rate
(FDR) of < 0.1.

PPl network construction and
correlation analysis

The cancer-related pain genes (CRPGs) from the core KEGG
pathway were imported into the STRING database, with Homo
sapiens selected as the sample. A correlation coefficient of 0.900 was
observed, followed by the utilization of the MCC algorithm within
the cytoHubba plug-in of Cytoscape 3.8.2 software to determine the
top 10 targets within the core. To further clarify the regulatory
relationship between these 10 cytokines, analysis was performed
using Pearson correlation analysis.

Survival analysis

In order to study the survival difference of the top 10 CRPGs in
lung cancer patients, the top 10 targets were divided into high and
low groups according to their median expression levels. The GEPIA
database was used to perform KM survival analysis on LUAD and
LUSC respectively. In addition, we used the GEO database lung
cancer cohort to externally validate the results in TCGA. Log rank P
value <0.05 was considered significant differences.

Tumor immune dysfunction and exclusion
(TIDE) algorithm

In order to predict whether the survival related CRPGs affect the
efficacy of immunotherapy for lung cancer, we divided them into
two groups, high and low, based on the expression of CRPGs, and
used the TIDE algorithm to analyze the effectiveness of ICIs
treatment between different groups.

Correlation analysis between survival
related CRPGs, immune cells, and
inflammatory pathways

In order to further clarify the immune cells and pathways
regulated by survival related CRPGs, the CIBERSORT algorithm
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and Pearson correlation analysis were used to conduct correlation
analysis among the three.

ELISA assay

The expression levels of hub CRPGs were detected using an
enzyme-linked immunosorbent assay (ELISA). ELISA assay was
performed using the kit from Lianke Biotechnology (EK1119-
AWT1). Briefly, 20ul of sample and 80ul of detection buffer were
added to the sample well. The subsequent steps were consistent with
the instructions. Finally, the OD values at 450nm and 630nm was
measured by microplate reader. The CXCLI2 content in each
sample was calculated from the standard curve.

Statistical analysis

All data were entered using by WPS Office or Excel, and data
analysis and visualization were conducted by R language software
4.2.1 and SPSS version 26.0. Measurement data were assessed for
normal distribution and described using the mean standard
deviation. For data that did not follow a normal distribution, the
median, lower quartile (Q1), upper quartile (Q3), minimum value,
and maximum value were reported. The measurement data
conform to normal distribution and homogeneity of variance by
T test, and those that do not conform to normal distribution or
homogeneity of variance by Mann Whitney U test. Counting data
were presented as composition ratio and ratio. Chi-square test or
Fisher exact probability method was used for analyzing
counting data.

For variables with less than 20% missing data, the mice package
in R language 4.2.0 was used for data interpolation, and the data
interpolation was carried out by setting the number of random
seeds. Variables with more than 20% missing data are eliminated.

Univariate Cox analysis was employed to identify prognostic
factors associated with ICIs treatment, and multivariate Cox
analysis to identify independent prognostic factors associated with
ICIs treatment. Independent prognostic factors were utilized to
construct a nomogram, and ROC curve analysis was employed to
assess the reliability of the model. Additionally, Spearman
correlation analysis was used to evaluate the regulatory
relationship between NRS and circulating inflammatory cells.

Results
Patient characteristics

The study workflow was shown in Figure 1. Before PSM, a total
of 222 patients with lung cancer treated with ICIs were enrolled.
Patients were divided into Pain group and Non-Pain group
according to NRS scores. There were 112 cases in Pain group and
110 cases in Non-Pain group. The difference analysis between
groups showed that PLR, HBV, M stage, Bone metastasis and
pleural metastasis in Pain group were significantly higher than

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1456150
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Zhang et al.

those in Non-Pain group. The detail of baseline before PSM was
shown in Table 1.

After PSM, a total of 94 patients with lung cancer treated with
ICIs were enrolled. There were 47 cases in Pain Group and 47 cases
in Non-Pain group. PSM eliminated the confounding factors
between groups, and there was no significant difference in all
included clinical indexes. The detail of baseline after PSM was
shown in Table 2.

Univariate cox analysis

Before PSM, univariate cox analysis suggested that Dnlr (HR:
1.10, 95% CI: 1.01 - 1.21, p value: 0.027), PLR (HR: 1.01, 95% CI:
1.01 - 1.01, p value: 0.002), Systemic inflammation index (SII) (HR:
1.01, 95% CI: 1.01 - 1.01, p value: 0.014), Eastern Cooperative
Oncology Group (ECOG) scores (HR: 13.55, 95% CI: 3.18 - 57.68, p
value < 0.001, 4 vs 0), M stage (HR: 1.52, 95% CI: 1.03 - 2.24,
p value: 0.033), Lung metastasis (HR: 1.47, 95% CI: 1.08 - 2.00, p
value: 0.015), Bone metastasis (HR: 1.76, 95% CI: 1.30 - 2.38, p value
< 0.001), Adrenal metastasis (HR: 1.51, 95% CI: 1.04 - 2.19, p value:
0.031) and NRS score (HR: 1.65, 95% CI: 1.21 - 2.23, p value: 0.001)
were risk factors of ICIs. Table 3.

After PSM, univariate cox analysis suggested that Age (HR:
1.04, 95% CI: 1.01 - 1.07, p value: 0.012), NLR (HR: 1.09, 95% CI:
1.03 - 1.17, p value: 0.006), Derived neutrophil lymphocyte ratio
(Dnlr) (HR: 1.18, 95% CI: 1.03 - 1.36, p value: 0.017), PLR (HR:
1.01,95% CI: 1.01 - 1.01, p value: 0.030), SII (HR: 1.01, 95% CI: 1.01

10.3389/fimmu.2024.1456150

- 1.01, p value: 0.009), Bone metastasis (HR: 1.98, 95% CI: 1.21 -
3.24, p value: 0.006) were risk factors of ICIs. Table 4.

Multivariate cox analysis

Before PSM, Multivariate cox analysis suggested that Bone
metastasis (HR: 1.63, 95% CI: 1.05 - 2.51, p value: 0.028) and
NRS scores (HR: 1.56, 95% CI: 1.06 - 2.30, p value: 0.023) were
independent prognostic factors for the efficacy of ICIs. Table 3.

After PSM, Multivariate cox analysis suggested that Age (HR: 1.08,
95% CI: 1.03 - 1.13, p value< 0.001), Platelets (HR: 1.01, 95% CI: 1.01 -
1.02, p value: 0.006), Dnlr (HR: 3.27, 95% CI: 1.33 - 8.04, p value:
0.010), Liver metastasis (HR: 3.88, 95% CI: 1.22 - 12.34, p value: 0.022),
Bone metastasis (HR: 3.66, 95% CI: 1.47 - 9.16, p value: 0.005) and NRS
score (HR: 2.66, 95% CI: 1.32 - 5.37, p value: 0.006) were independent
prognostic factors for the efficacy of ICIs. Table 4.

Prognostic model construction
and evaluation

Before PSM, based on bone metastasis and NRS scores, we
established nomogram for prognosis evaluation of patients
Figure 2A. It can be seen that patients with lung cancer
complicated with Bone metastasis and pain have poor effect and
prognosis after receiving ICIs treatment. The survival of lung cancer
patients with low risk score is significantly better than that with

Unraveling Impact and Potential Mechanisms of Baseline Pain on Efficacy of Immunotherapy in Lung Cancer Patients: A Retrospective and Bioinformatic Analysis
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FIGURE 1
The study workflow.
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High risk score. The median OS was 740 days and 418 days
respectively, HR=1.73,95CI% (1.26, 2.38), and P value: 5.8e-4.
Figure 2B. Nomogram’s predictive efficiency was good with AUC
under roc curve 1-year 0.69, 2-year 0.62 and 3-year 0.62 Figure 2C.

After PSM, based on age, platelets, dNLR, liver metastasis, bone
metastasis and NRS Scores, we established nomogram for prognosis
evaluation of patients Figure 2D. It can be seen that patients with
liver metastasis and bone metastasis, high platelet and dNLR, and
pain have a poor prognosis after receiving ICIs treatment. The
survival of lung cancer patients with Low risk score is significantly
better than that with High risk score. The median OS was 753 days
and 316 days respectively, HR=2.41,95CI%(1.51,3.86), and P value:
1.6e-4 Figure 2E. Nomogram’s predictive efficiency was good with
AUC under roc curve 1-year 0.80, 2-year 0.73 and 3-year 0.80
Figure 2F. Whether before or after PSM, the risk score showed

TABLE 1 The detail of baseline before PSM.

10.3389/fimmu.2024.1456150

significant different between with or without bone metastasis and
pain group Supplementary Figures 1A-D. And with the increasing
of age and dNLR, the risk scores was also increased Supplementary
Figures 1E, F.

Spearman correlation analysis among NRS
scores and peripheral circulating
inflammatory cells

Spearman correlation analysis suggested that NRS had positive
regulation on monocytes (cor: 0.08), neutrophils (cor: 0.07),
leukocytes (cor: 0.04) and platelets (cor: 0.09), and negative
regulation on lymphocytes (cor: -0.04). The results was showed
in Figure 2G.

Group Statistic
Variable Total (n = 222)
Non-Pain (n = 110) Pain (n = 112) P

Age, M (Q;, Q3) 62.00 (56.00, 67.00) 63.00 (56.25, 67.75) 62.00 (56.00, 67.00) Z=-1337 0.181 -0.205
Weight, M (Q;, Qs) 58.00 (52.00, 65.00) 58.00 (52.00, 64.00) 58.00 (51.75, 65.75) Z=-0.100 0.920 0.047
Height, M (Qy, Q3) 165.00 (160.00, 170.00) 165.00 (160.00, 170.00) 165.00 (160.00, 170.00) Z=-0.569 0.570 0.077
BSA, M (Qy, Q3) 1.63 (1.55, 1.73) 1.63 (1.56, 1.74) 1.62 (1.55, 1.72) Z=-0.074 0.941 0.040
Neutrophils, M (Q;, Qs) 5.10 (3.82, 6.86) 5.11 (3.82, 6.44) 5.08 (3.80, 6.89) 7=-0.077 0.938 0.059
Lymphocytes, M (Q;, Q3) 1.37 (1.02, 1.81) 1.43 (1.10, 1.81) 1.31 (0.93, 1.80) Z=-1401 0.161 -0.112
Leukocytes, M (Q;, Q3) 7.45 (5.89, 9.70) 7.54 (6.13, 9.46) 7.39 (5.74, 10.02) Z=-0.524 0.601 0.029
Platelets, M (Q;, Q3) 279.50 (216.50, 348.25) 276.50 (214.00, 324.75) 286.50 (223.00, 358.25) Z=-1.101 0.271 0.176
Monocytes, M (Q;, Qs) 0.56 (0.39, 0.81) 0.54 (041, 0.76) 0.57 (0.38, 0.86) Z=-0.474 0.635 0.112
NLR, M (Q;, Qs) 3.80 (2.62, 6.12) 3.62 (2.53, 5.46) 401 (2.64, 6.26) 7=-1.003 0316 -1.267
Dnlr, M (Qy, Q3) 2.33 (1.75, 3.16) 225 (1.76, 2.92) 244 (1.75, 3.35) Z=-1.329 0.184 0.167
PLR, M (Q;, Q3) 203.56 (150.05, 295.17) 185.00 (148.36, 231.87) 213.02 (156.47, 321.33) 7=-2.419 0.016 0.295
LMR, M (Q;, Qs) 2.36 (1.63, 3.35) 246 (1.64, 3.45) 227 (1.61, 3.16) 7=-0.807 0.420 -0.011
SII, M (Qy, Q) (625‘112?61':271.41) 922.05 (600.19, 1555.31) (728.;231'6793525) Z=-1.717 0.086 0.166
Gender, n (%) %?=0.197 0.657

1 179 (80.63) 90 (81.82) 89 (79.46) -0.058

2 43 (19.37) 20 (18.18) 23 (20.54) 0.058
Alcohol, n (%) x*=1.763 0.184

0 168 (75.68) 79 (71.82) 89 (79.46) 0.189

1 54 (24.32) 31 (28.18) 23 (20.54) -0.189
ECOG, n (%) 0.137

0 100 (45.05) 57 (51.82) 43 (38.39) -0.276

1 100 (45.05) 45 (40.91) 55 (49.11) 0.164

2 12 (5.41) 6 (5.45) 6 (5.36) -0.004

3 8 (3.6) 2(1.82) 6 (5.36) 0.157

(Continued)
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TABLE 1 Continued

ol %5 Group Statistic
variabie =222 Non-Pain(n=110)  Pain (n = 112) P

4 2(0.9) 0 (0.00) 2 (1.79) 0.135
Smoke, n (%) %>=0.681 0.409

0 60 (27.03) 27 (24.55) 33 (29.46) 0.108

1 162 (72.97) 83 (75.45) 79 (70.54) -0.108
HBV, n (%) A*=4.487 0.034

0 203 (91.44) 105 (95.45) 98 (87.50) -0.241

1 19 (8.56) 5 (4.55) 14 (12.50) 0.241
Tumor, n (%) %>=0.889 0.346

1 200 (90.09) 97 (88.18) 103 (91.96) 0.139

2 22 (9.91) 13 (11.82) 9 (8.04) -0.139
Pathology, n (%) x*=1.971 0.373

1 125 (56.31) 57 (51.82) 68 (60.71) 0.182

2 55 (24.77) 29 (26.36) 26 (23.21) -0.075

3 42 (18.92) 24 (21.82) 18 (16.07) -0.156
T, n (%) ¥2=4.341 0362

0 30 (13.51) 17 (15.45) 13 (11.61) -0.120

1 25 (11.26) 10 (9.09) 15 (13.39) 0.126

2 36 (16.22) 16 (14.55) 20 (17.86) 0.086

3 30 (13.51) 19 (17.27) 11 (9.82) -0.250

4 101 (45.5) 48 (43.64) 53 (47.32) 0.074
N, n (%) - 0.958

0 40 (18.02) 19 (17.27) 21 (18.75) 0.038

1 3 (1.35) 2 (1.82) 1 (0.89) -0.098

2 85 (38.29) 43 (39.09) 42 (37.50) -0.033

3 94 (42.34) 46 (41.82) 48 (42.86) 0.021
M, n (%) x°=14.810 <.001

0 47 (21.17) 35 (31.82) 12 (10.71) -0.682

1 175 (78.83) 75 (68.18) 100 (89.29) 0.682
Lung metastasis, n (%) x*=1.020 0.313

0 140 (63.06) 73 (66.36) 67 (59.82) 0.133

1 82 (36.94) 37 (33.64) 45 (40.18) 0.133
Liver metastasis, n (%) x>=1.801 0.180

0 193 (86.94) 99 (90.00) 94 (83.93) -0.165

1 29 (13.06) 11 (10.00) 18 (16.07) 0.165
Bone metastasis, n (%) X>=36.352 <.001

0 131 (59.01) 87 (79.09) 44 (39.29) -0.815

(Continued)
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TABLE 1 Continued

ol %5 Group Statistic
Variable =222 Non-Pain(n=110)  Pain (n = 112) P

1 91 (40.99) 23 (20.91) 68 (60.71) 0.815
Brain metastasis, n (%) x>=3.681 0.055

0 176 (79.28) 93 (84.55) 83 (74.11) -0.238

1 46 (20.72) 17 (15.45) 29 (25.89) 0.238
Adrenal metastasis, n (%) %°=0.004 0.950

0 182 (81.98) 90 (81.82) 92 (82.14) 0.008

1 40 (18.02) 20 (18.18) 20 (17.86) -0.008
r(l)t(l';:)r Lymph node metastasis, =0744 0388

0 187 (84.23) 95 (86.36) 92 (82.14) ~0.110

1 35 (15.77) 15 (13.64) 20 (17.86) 0.110
Pleura metastasis, n (%) X°=6.242 0.012

0 172 (77.48) 93 (84.55) 79 (70.54) -0.307

1 50 (22.52) 17 (15.45) 33 (29.46) 0.307
Meningeal metastasis, n (%) %*=0.000 1.000

0 213 (95.95) 106 (96.36) 107 (95.54) -0.040

1 9 (4.05) 4 (3.64) 5 (4.46) 0.040

Bold values: P value<0.05.

TABLE 2 The detail of baseline after PSM.

Group Statistic
Variable Total (n = 94)
Non-Pain (n = 47) Pain (n = 47) P
Age, M (Q;, Q3) 62.00 (54.00, 66.00) 61.00 (53.00, 67.00) 62.00 (56.00, 66.00) 7=-0.413 0.680 0.002
Weight, M (Qy, Q) 59.00 (54.00, 65.00) 58.50 (52.00, 65.75) 59.50 (56.00, 64.50) 7=-0.908 0.364 0.181
Height, M (Q;, Q) 168.00 (160.00, 170.00) ~ 165.00 (159.00, 170.00)  168.00 (160.50, 170.50) 7=-0.921 0357 0.174
BSA, M (Qy, Q3) 1.65 (1.57, 1.74) 1.63 (1.56, 1.76) 1.66 (1.57, 1.73) 7=-0.969 0333 0.282
Neutrophils, M (Q;, Qs) 4.66 (3.30, 6.46) 5.01 (3.72, 6.75) 449 (3.05, 6.37) 7=-0.866 0.387 -0.084
Lymphocytes, M (Q;, Qs) 1.44 (1.10, 1.84) 1.40 (1.11, 1.75) 1.53 (1.09, 1.93) Z=-0.609 0.543 0.209
Leukocytes, M (Q;, Q3) 7.21 (5.38, 9.32) 7.25 (5.62, 9.64) 6.77 (5.04, 8.73) 7=-0.650 0515 -0.001
Platelets, M (Q;, Q3) 27250 (213.25,321.75)  266.00 (213.50, 322.00)  281.00 (217.00, 321.50) 7=-0.386 0.700 0.089
Monocytes, M (Q;, Qs) 0.54 (0.37, 0.72) 0.54 (0.36, 0.68) 0.55 (0.38, 0.83) 7=-0.495 0.620 0.114
NLR, M (Q;, Q3) 3.56 (2.28, 5.43) 3.89 (2.35, 5.46) 3.38 (2.25, 5.06) 7--0.873 0.382 -0.304
Dnlr, M (Q;, Q3) 2.12 (1.56, 3.04) 2.26 (1.65, 3.06) 1.98 (1.60, 2.82) 7=-0.945 0.345 -0.335
PLR, M (Q;, Qs) 189.09 (146.99, 233.83)  194.44 (151.81,259.75)  188.89 (138.38, 227.18) Z=-1.157 0.247 -0.176
LMR, M (Q;, Qs) 2.54 (1.74, 3.53) 2.50 (1.71, 3.38) 2.54 (1.80, 3.69) Z=-0.635 0.525 0.071
SIL, M (Qy, Q) (581.38;0315.57) 988.13 (592.40, 1605.02) (571;;05”11_20) =-0.873 0382 -0.074
Gender, n (%) %*=0.275 0.600
(Continued)
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TABLE 2 Continued

ol - Group Statistic
Variabie et =34 on-painin=47  Pain(n = 47) P

1 76 (80.85) 39 (82.98) 37 (78.72) -0.104

2 18 (19.15) 8 (17.02) 10 (21.28) 0.104
Alcohol, n (%) ®*=2.014 0.156

0 70 (74.47) 32 (68.09) 38 (80.85) 0.324

1 24 (25.53) 15 (31.91) 9 (19.15) -0.324
ECOG, n (%) . 0.180

0 44 (46.81) 23 (48.94) 21 (44.68) -0.086

1 43 (45.74) 18 (38.30) 25 (53.19) 0.298

2 5(5.32) 4 (8.51) 1(2.13) -0.442

3 2 (2.13) 2 (4.26) 0 (0.00) -0.298
Smoke, n (%) %7=0.203 0.652

0 28 (29.79) 13 (27.66) 15 (31.91) 0.091

1 66 (70.21) 34 (72.34) 32 (68.09) -0.091
HBV, n (%) %*=0.261 0.609

0 90 (95.74) 44 (93.62) 46 (97.87) 0.295

1 4 (4.26) 3 (6.38) 1(2.13) -0.295
Tumor, n (%) %=0.103 0.748

1 83 (88.3) 41 (87.23) 42 (89.36) 0.069

2 11 (11.7) 6 (12.77) 5 (10.64) -0.069
Pathology, n (%) x*=1.554 0.460

1 46 (48.94) 20 (42.55) 26 (55.32) 0.257

2 28 (29.79) 16 (34.04) 12 (25.53) -0.195

3 20 (21.28) 11 (23.40) 9 (19.15) -0.108
T, n (%) x’=1.022 0.907

0 18 (19.15) 9 (19.15) 9 (19.15) 0.000

1 9 (9.57) 5 (10.64) 4 (8.51) -0.076

2 15 (15.96) 6 (12.77) 9 (19.15) 0.162

3 11 (11.7) 5 (10.64) 6 (12.77) 0.064

4 41 (43.62) 22 (46.81) 19 (40.43) -0.130
N, n (%) x?=0377 0.828

0 14 (14.89) 6 (12.77) 8 (17.02) 0.113

2 36 (38.3) 18 (38.30) 18 (38.30) 0.000

3 44 (46.81) 23 (48.94) 21 (44.68) -0.086
M, n (%) %*=0.072 0.789

0 17 (18.09) 8 (17.02) 9 (19.15) 0.054

1 77 (81.91) 39 (82.98) 38 (80.85) -0.054
Lung metastasis, n (%) %*=0.720 0.396

(Continued)
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TABLE 2 Continued
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ol > Group Statistic
Variable = on-pain(n=47)  Pain (n = 47 P

0 58 (61.7) 27 (57.45) 31 (65.96) 0.180

1 36 (38.3) 20 (42.55) 16 (34.04) -0.180
Liver metastasis, n (%) %*=2.574 0.109

0 83 (88.3) 39 (82.98) 44 (93.62) 0.435

1 11 (11.7) 8 (17.02) 3 (6.38) -0.435
Bone metastasis, n (%) %=0.048 0.826

0 63 (67.02) 32 (68.09) 31 (65.96) 0045

1 31 (32.98) 15 (31.91) 16 (34.04) 0.045
Brain metastasis, n (%) %*=0.066 0.797

0 75 (79.79) 38 (80.85) 37 (78.72) -0.052

1 19 (20.21) 9 (19.15) 10 (21.28) 0.052
Adrenal metastasis, n (%) %*=0.072 0.789

0 77 (81.91) 39 (82.98) 38 (80.85) -0.054

1 17 (18.09) 8 (17.02) 9 (19.15) 0.054
ICl)t(l;/:)r Lymph node metastasis, 1=0.000 1000

0 76 (80.85) 38 (80.85) 38 (80.85) 0.000

1 18 (19.15) 9 (19.15) 9 (19.15) 0.000
Pleura metastasis, n (%) %*=0.066 0.797

0 75 (79.79) 37 (78.72) 38 (80.85) 0.054

1 19 (20.21) 10 (21.28) 9 (19.15) -0.054
Meningeal metastasis, n (%) x°=0.000 1.000

0 92 (97.87) 46 (97.87) 46 (97.87) 0.000

1 2(2.13) 1(2.13) 1(2.13) 0.000

Bold values: P value<0.05.
Construction of cancer-related pain matrix

A total of 725 genes were obtained from GSE93157. A total of
12,098 targets were obtained from the GeneCards database. After
the intersection of the two, a total of 662 cancer-related pain genes
(CRPGs) were obtained. The expression levels of these 662 CRPGs
were further extracted and the NSCLC Cancer-Related Pain Matrix
was constructed.

Consistency cluster analysis and differential
expression analysis

The K-means consistency clustering method was used for
unsupervised learning, and the pain gene expression consistency
within the NSCLC Cancer-Related Pain Matrix was divided into
two modules, C2 and Cl. There is a clear boundary between the two
modules C1 and C2 Figure 3A. When consensus matrix k=2, the

Frontiers in Immunology 133

internal consistency performed best Figures 3B, C. Consensus
scores of all samples were displayed Figure 3D. Principal
component analysis indicated that when consensus matrix k=2,
the samples can be well distinguished Figure 3E. Among them, 23
patients were classified into C2 and 12 patients were classified into
C1 module. The limma package was used to perform differential
expression analysis between C2 and Cl, and a total of 420
differentially expressed genes (DEGs) were obtained. Among
them, 398 were up-regulated and 22 were down-regulated
Figures 4A, B.

GO and KEGG functional
enrichment analysis

GO and KEGG functional enrichment analysis of 420 DEGs

showed that the interaction between cytokines and cytokine
receptors is the main signaling pathway that mediates pain,
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TABLE 3 Univariate cox analysis and Multivariate cox analysis before PSM.

Variables HR (95%Cl) m_Beta m_S.E m_Z aP aHR (95%Cl)
Age 0.01 0.01 0.87 0.387 1.01 (0.99 - 1.03) 0.01 0.01 0.67 0.500 1.01 (0.9 - 1.03)
Weight -0.01 0.01 -1.49 0.137 0.99 (0.97 - 1.00) -0.04 0.05 -0.93 0.353 0.96 (0.88 - 1.05)
Height 0.01 0.01 0.77 0.443 1.01 (0.99 - 1.03) 0.00 0.03 0.03 0.973 1.00 (0.94 - 1.07)
BSA -0.55 0.57 -0.97 0.334 0.58 (0.19 - 1.76) 2.43 3.84 0.63 0.527 11.36 (0.01 - 21151.82)
Neutrophils 0.03 0.03 1.00 0.317 1.03 (0.98 - 1.08) -0.26 0.33 -0.79 0.431 0.77 (0.40 - 1.47)
Lymphocytes -0.23 0.12 -1.91 0.057 0.80 (0.63 - 1.01) -0.09 0.35 -0.26 0.794 0.91 (0.46 - 1.82)
Leukocyte 0.01 0.02 0.54 0.592 1.01 (0.97 - 1.06) 0.16 0.30 0.53 0.594 1.17 (0.65 - 2.10)
Platelets 0.00 0.00 1.20 0.229 1.00 (1.00 - 1.00) 0.00 0.00 0.14 0.887 1.00 (1.00 - 1.00)
Monocytes 0.30 0.24 1.26 0.208 1.35 (0.85 - 2.16) 0.73 0.52 1.41 0.160 2.08 (0.75 - 5.79)
NLR 0.00 0.00 1.74 0.082 1.00 (1.00 - 1.01) 0.00 0.00 1.02 0.310 1.00 (1.00 - 1.01)
Dnlr 0.10 0.05 2.20 0.027 1.10 (1.01 - 1.21) 0.19 0.15 1.24 0215 1.21 (0.90 - 1.62)
PLR 0.01 0.00 3.02 0.002 1.01 (1.01 - 1.01) 0.00 0.00 0.56 0.574 1.00 (1.00 - 1.00)
LMR -0.06 0.04 -1.51 0.131 0.94 (0.88 - 1.02) 0.02 0.05 0.43 0.670 1.02 (0.92 - 1.13)
SII 0.01 0.00 2.45 0.014 1.01 (1.01 - 1.01) 0.00 0.00 0.09 0.928 1.00 (1.00 - 1.00)
Gender

1 Ref Ref

2 0.11 0.19 0.57 0.566 1.11 (0.77 - 1.61) 0.54 0.37 1.46 0.145 1.72 (0.83 - 3.55)
Alcohol

0 Ref Ref

1 032 0.19 -1.72 0.086 0.73 (0.50 - 1.05) -0.13 0.24 -0.53 0.593 0.88 (0.55 - 1.41)
ECOG

0 Ref Ref

1 0.10 0.16 0.59 0.556 1.10 (0.80 - 1.51) -0.00 0.20 -0.01 0.995 1.00 (0.68 - 1.47)

2 0.32 0.35 0.91 0.361 1.38 (0.69 - 2.76) 0.03 0.43 0.07 0.941 1.03 (0.45 - 2.38)

3 0.76 0.40 191 0.056 2.14 (0.98 - 4.65) 0.29 0.61 0.48 0.634 1.34 (0.40 - 4.42)

4 2.61 0.74 3.53 <.001 13.55 (3.18 - 57.68) 1.34 1.02 1.31 0.189 3.83 (0.52 - 28.41)
Smoke

0 Ref Ref

1 -0.13 0.17 -0.76 0.450 0.88 (0.63 - 1.23) -0.04 0.30 -0.12 0.904 0.96 (0.53 - 1.75)
HBV

0 Ref Ref

1 0.06 0.26 0.23 0.815 1.06 (0.64 - 1.76) -0.21 0.32 -0.64 0.521 0.81 (0.43 - 1.53)
Tumor

1 Ref Ref

2 0.36 0.26 1.41 0.158 1.44 (0.87 - 2.38) 0.40 0.41 0.97 0.331 1.49 (0.66 - 3.36)
Lung pathology

1 Ref ‘ ‘ ‘ ‘ Ref

(Continued)
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TABLE 3 Continued

10.3389/fimmu.2024.1456150

Variables Beta HR (95%Cl) m_Beta aHR (95%Cl)
Lung pathology

2 0.08 0.19 0.44 0.663 1.09 (0.75 - 1.57) 0.45 0.24 1.89 0.059 1.57 (0.98 - 2.50)

3 0.25 0.20 1.26 0.208 1.29 (0.87 - 1.90) 0.29 0.29 0.98 0.328 133 (0.75 - 2.37)
T

0 Ref Ref

1 -0.48 0.32 -1.47 0.141 0.62 (0.33 - 1.17) -0.50 0.38 -1.31 0.189 0.60 (0.28 - 1.28)

2 -0.01 0.28 -0.03 0.975 0.99 (0.57 - 1.71) -0.16 0.37 -0.42 0.672 0.86 (0.42 - 1.76)

3 -0.02 0.30 -0.06 0.949 0.98 (0.55 - 1.75) 0.09 0.39 0.23 0.816 1.10 (0.51 - 2.35)

4 0.06 0.23 0.25 0.802 1.06 (0.67 - 1.68) 0.01 0.30 0.03 0.975 1.01 (0.56 - 1.82)
N

0 Ref Ref

1 -0.23 0.73 -0.32 0.749 0.79 (0.19 - 3.32) -0.22 0.82 -0.27 0.788 0.80 (0.16 - 3.98)

2 0.02 0.22 0.08 0.935 1.02 (0.66 - 1.58) -0.07 0.27 -0.25 0.802 0.93 (0.55 - 1.60)

3 0.13 0.22 0.59 0.556 1.14 (0.74 - 1.75) -0.02 0.28 -0.05 0.956 0.98 (0.57 - 1.71)
M

0 Ref Ref

1 0.42 0.20 2.13 0.033 1.52 (1.03 - 2.24) -0.07 0.28 -0.23 0.816 0.94 (0.54 - 1.63)
Lung metastasis

0 Ref Ref

1 0.38 0.16 243 0.015 1.47 (1.08 - 2.00) 0.35 0.21 1.67 0.095 1.41 (0.94 - 2.12)
Liver metastasis

0 Ref Ref

1 0.27 0.22 1.25 0.213 1.31 (0.86 - 2.01) 0.25 0.30 0.84 0.398 1.28 (0.72 - 2.29)
Bone metastasis

0 Ref Ref

1 0.56 0.16 3.62 <.001 1.76 (1.30 - 2.38) 0.49 0.22 2.20 0.028 1.63 (1.05 - 2.51)
Brain metastasis

0 Ref Ref

1 0.17 0.18 0.94 0.348 1.19 (0.83 - 1.71) -0.11 0.24 -0.46 0.648 0.90 (0.56 - 1.44)
Adrenal metastasis

0 Ref Ref

1 0.41 0.19 2.15 0.031 1.51 (1.04 - 2.19) 0.27 0.25 1.07 0.283 1.31 (0.80 - 2.16)
Other Lymph node metastasis

0 Ref Ref

1 0.17 0.21 0.82 0.414 1.19 (0.79 - 1.78) -0.05 0.28 -0.18 0.855 0.95 (0.54 - 1.65)
Pleura metastasis

0 Ref Ref

1 0.36 0.18 1.96 0.050 143 (1.01 - 2.04) 0.16 0.25 0.64 0.522 1.17 (0.72 - 1.91)
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TABLE 3 Continued

Variables Beta S.E HR (95%Cl) m_Beta m_S.E = aHR (95%Cl)
Meningeal metastasis

0 Ref Ref

1 021 0.42 -0.50 0.614 0.81 (0.36 - 1.83) -0.23 0.55 -0.43 0.668 0.79 (0.27 - 2.31)
NRS

0 Ref Ref

1 0.50 0.16 3.20 0.001 1.65 (1.21 - 2.23) 0.45 0.20 2.27 0.023 1.56 (1.06 - 2.30)

Bold values: P value<0.05.

TABLE 4 Univariate cox analysis and Multivariate cox analysis after PSM.

. Univariate Multivariate
Variables
t P HR (95%Cl) B . t P HR (95%ClI)
1.04 (1.01
Age 0.04 0.01 2.52 0.012 - 107) 0.08 0.02 3.35 <.001 1.08 (1.03 - 1.13)
0.98 (0.96
Weight -0.02 0.01 -1.28 0.201 . En) -0.04 0.12 -0.31 0.759 0.96 (0.77 - 1.21)
1.02 (0.98
Height 0.02 0.02 0.97 0.331 ) E)s) 0.01 0.07 0.10 0.917 1.01 (0.88 - 1.15)
0.68 (0.13 89.62 (0.00
BSA -0.38 0.87 -0.44 0.661 4.50 9.10 0.49 0.621
-3.73) - 4947835799.89)
. 1.03 (0.96
Neutrophils 0.03 0.03 0.84 0.400 110) -1.22 0.72 -1.70 0.089 0.30 (0.07 - 1.20)
0.77 (0.54
Lymphocytes -0.27 0.18 -1.49 0.135 . ;9) -1.94 1.00 -1.93 0.054 0.14 (0.02 - 1.03)
1.02 (0.96
Leukocyte 0.02 0.03 0.57 0.568 ) E)s) 1.09 0.66 1.64 0.100 2.96 (0.81 - 10.84)
1.00 (1.00
Platelets 0.00 0.00 0.95 0.343 100) 0.01 0.00 2.74 0.006 1.01 (1.01 - 1.02)
1.36 (0.72
Monocytes 031 0.33 0.94 0.348 258) 0.79 1.01 0.78 0.438 2.20 (0.30 - 16.05)
1.09 (1.03
NLR 0.09 0.03 2.77 0.006 | (17) 0.01 0.13 0.09 0.926 1.01 (0.79 - 1.30)
1.18 (1.03
Dnlr 0.17 0.07 2.38 0.017 . (36) 118 0.46 2.57 0.010 3.27 (133 - 8.04)
1.01 (1.01
PLR 0.01 0.00 2.16 0.030 L01) -0.00 0.01 -0.70 0.484 1.00 (0.99 - 1.01)
0.90 (0.80
LMR -0.11 0.06 -1.71 0.087 . 5)2) 0.11 0.11 1.01 0312 1.12 (0.90 - 1.39)
1.01 (1.01
SII 0.01 0.00 2.62 0.009 L01) -0.00 0.00 -1.95 0.051 1.00 (1.00 - 1.00)
‘ Gender
1 Ref Ref
1.05 (0.59
2 0.05 0.29 0.16 0.873 . (85) 0.53 0.76 0.70 0.486 1.69 (0.38 - 7.47)
‘ Alcohol
0 ‘ ‘ ‘ Ref ‘ ‘ ‘ Ref

(Continued)
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TABLE 4 Continued

Univariate Multivariate
Variables
t P HR (95%Cl) . t P HR (95%ClI)
Alcohol
0.83 (0.49
1 -0.19 0.27 -0.68 0.495 . 512) 0.35 0.53 0.67 0.501 1.43 (0.51 - 4.00)
ECOG
0 Ref Ref
1.17 (0.72
1 0.16 0.25 0.63 0.527 . ;0) 0.49 0.40 1.24 0215 1.63 (0.75 - 3.54)
1.66 (0.65
2 0.51 0.48 1.06 0.291 A (27) 0.58 1.08 0.54 0.592 1.79 (0.21 - 14.89)
3 0.00 NA NA (NA - NA) 0.00 NA NA (NA - NA)
‘ Smoke
0 Ref Ref
1.00 (0.61
1 -0.00 0.26 -0.00 0.999 1.65) -0.15 0.64 -0.24 0.809 0.86 (0.25 - 3.00)
‘ HBV
0 Ref Ref
1.10 (0.40
1 0.10 0.52 0.19 0.849 3.03) 0.66 0.73 0.90 0.366 1.93 (0.46 - 8.00)
‘ Tumor
1 Ref Ref
1.39 (0.69
2 0.33 0.36 0.93 0.354 2.80) -0.16 0.78 -0.20 0.842 0.86 (0.19 - 3.94)
‘ Pathology
1 Ref Ref
0.88 (0.51
2 -0.13 0.28 -0.46 0.645 152) 0.50 0.46 1.07 0.283 1.64 (0.66 - 4.06)
1.32 (0.74
3 0.28 0.30 0.93 0.350 235) 0.20 0.58 0.35 0.729 1.22 (0.39 - 3.80)
T
0 Ref Ref
0.38 (0.14
1 -0.96 0.52 -1.84 0.066 L07) -0.31 0.80 -0.38 0.701 0.74 (0.15 - 3.52)
0.77 (0.35
2 -0.26 0.40 -0.64 0.519 169) -0.75 0.62 -1.21 0.228 0.47 (0.14 - 1.60)
1.05 (0.46
3 0.05 0.42 0.12 0.907 5 10) 0.30 0.63 0.48 0.632 1.35 (0.40 - 4.61)
1.00 (0.54
4 0.00 0.31 0.01 0.990 . ;5) -0.01 0.49 -0.02 0.985 0.99 (0.38 - 2.59)
N
0 Ref Ref
2 -0.09 0.36 -0.25 0.803 0'911 gl';}s -0.06 0.56 -0.10 0.921 0.95 (0.32 - 2.82)

(Continued)
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TABLE 4 Continued

Univariate Multivariate
Variables
t HR (95%Cl) . t P HR (95%ClI)
. 4
3 -0.16 0.35 -0.46 0.645 0 851 (609) 3 -0.87 0.61 -1.43 0.152 0.42 (0.13 - 1.38)
™
0 Ref Ref
1.08 (0.59
1 0.07 0.31 0.24 0.807 ) ;6) -0.32 0.53 -0.59 0.552 0.73 (0.26 - 2.07)
‘ Lung metastasis
0 Ref Ref
1.34 (0.84
1 0.30 0.24 1.24 0.215 2.15) 0.84 0.47 1.76 0.078 2.31 (0.91 - 5.85)
‘ Liver metastasis
0 Ref Ref
1.21 (0.62
1 0.19 0.34 0.56 0.577 2.36) 1.35 0.59 2.29 0.022 3.88 (1.22 - 12.34)
‘ Bone metastasis
0 Ref Ref
1.98 (1.21
1 0.68 0.25 2.73 0.006 3.24) 1.30 0.47 2.78 0.005 3.66 (1.47 - 9.16)
‘ Brain metastasis
0 Ref Ref
1.24 (0.71
1 0.22 0.29 0.75 0.452 2.18) 0.01 0.51 0.03 0.980 1.01 (0.37 - 2.76)
‘ Adrenal metastasis
0 Ref Ref
1.49 (0.84
1 0.40 0.29 1.37 0.172 2.65) -0.29 0.50 -0.57 0.567 0.75 (0.28 - 2.01)
‘ Other Lymph node metastasis
0 Ref Ref
0.78 (0.43
1 -0.24 0.30 -0.80 0.426 1.42) -0.00 0.50 -0.01 0.995 1.00 (0.37 - 2.66)
‘ Pleura metastasis
0 Ref Ref
1.50 (0.84
1 0.40 0.29 1.38 0.167 5 25) 0.34 0.45 0.76 0.448 1.40 (0.58 - 3.37)
‘ Meningeal metastasis
0 Ref Ref
1 -17.07 3113.62 -0.01 0.996  0.00 (0.00 - Inf) -17.61 3344.31 -0.01 0.996 0.00 (0.00 - Inf)
‘ NRS
0 Ref Ref
1.49 (0.94
1 0.40 0.24 1.68 0.093 2.36) 0.98 0.36 2.74 0.006 2.66 (1.32 - 5.37)

Bold values: P value<0.05.

Frontiers in Immunology 138 frontiersin.org


https://doi.org/10.3389/fimmu.2024.1456150
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Zhang et al.

Supplementary Figure S2, and these cytokines are mainly located on
the cell membrane Supplementary Figure S3.

PPl network construction and
correlation analysis

Seventy-three targets involved in the interaction pathway
between cytokines and cytokine receptors were imported into the
string database, with Homo sapiens selected as the sample. The
correlation coefficient was found to be 0.900. Subsequently, the MCC
algorithm of the cytoHubba plug-in within the Cytoscape 3.8.2
software was utilized to identify the top 10 core targets. The
analysis revealed that CXCL10, CCR2, CXCL9, CCR5, CXCLI12,
CXCL11, CXCR4, CCRI1, CXCL13, and CCL5 were identified as
the core top 10 targets Figure 4C. Correlation analysis between 10
hub targets indicated that there was a significant up-regulation
relationship among the 10 factors Figure 4D.

Survival analysis

To elucidate the potential association between 10 cytokines and
survival in non-small cell lung cancer (NSCLC), a survival analysis
was conducted utilizing data from the large-sample The Cancer
Genome Atlas (TCGA) database, specifically focusing on the LUSC
and LUAD subtypes. The findings revealed a significant correlation
between high expression levels of CCR1 and CXCLI12 in LUSC and
poorer overall survival (OS) outcomes, Figures 4G, H, while in
LUAD, high expression levels of CCR2 and CXCR4 were associated
with improved OS Figures 4E, F. Additional corhorts from
GSE14814, GSE73403 and GSE157010 indicated that high
expression of CXCL12 showed potential significant difference
correlation with poor prognosis of OS, and significant difference
correlation with poor disease-free survival in GSE14814.
Supplementary Figure S4.

Tumor immune dysfunction and exclusion
(TIDE) algorithm

To elucidate the impact of elevated levels of CCR1, CXCLI12,
CCR2, and CCR4 on the effectiveness of ICIs in the treatment of
lung cancer, the TIDE algorithm was employed for predictive
purposes. Figure 5A. The findings indicate that heightened
CXCLI12 expression is associated with diminished efficacy of
immunotherapy in LUSC. Conversely, CCR1, CCR2, and CCR4
levels do not appear to influence the response to ICIs.

Correlation analysis between survival
related CRPGs, immune cells, and
inflammatory pathways

In order to gain further insight into the potential effects of
CXCL12 on immune cell populations, the CIBERSORT algorithm
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and Pearson correlation analysis were utilized. CXCL12 can
significantly up-regulate the expression of macrophages,
monocyte cells and T cell regulatory (Tregs), and down-regulate
CD8+ T cells and NK cells Figure 5B. CXCL12 significantly up-
regulates inflammatory response pathways and tumor
inflammation characteristic pathways Figures 5C, D.

ELISA assay

35 patients with cancer pain were prospectively enrolled, all of
whom had NRS scores recorded at baseline. Following cancer pain
treatment, there was a signiﬁcant decrease in NRS scores Figure 6A.
ELISA detection revealed a significant decrease in serum CXCL12
levels after pain relief Figure 6B.

Discussion

Pain is among the most frequently reported symptoms in
individuals diagnosed with cancer (5). A recent systematic review,
encompassing studies conducted between 2014 and 2021,
determined the overall prevalence of pain in cancer patients to be
44.5%. Furthermore, 30.6% of these patients experienced moderate
to severe pain (1). Cancer-related pain (CRP) is consistently linked
to a diminished quality of life, attributable to psychological distress
and impaired functioning (30). Several studies have suggested that
inadequately managed pain may adversely affect survival rates in
cancer patients (31, 32). The influence of pain on the effectiveness of
immunotherapy remains a subject of debate in contemporary
research. A retrospective study by Huan Zhou and colleagues
indicated that baseline cancer pain serves as a negative prognostic
indicator for lung cancer patients undergoing immunotherapy.
Specifically, patients experiencing baseline cancer pain may
exhibit poorer survival outcomes if they subsequently develop
breakthrough pain (33).

CRP is hypothesized to be partially induced by tissue damage
and inflammation within the tumor microenvironment (TME)
through mechanisms that are not yet fully understood. Growing
evidence indicates that the pathophysiology of chronic pain
involves a complex interaction between the nervous and immune
systems (34). Circulating immune cells, including neutrophils,
monocytes, and T cells, are recruited to sites of tissue damage or
inflammation and frequently infiltrate both the peripheral and
central nervous systems (35, 36). The activation of these cells
leads to the expression of a range of inflammatory mediators,
such as cytokines, chemokines, lipids, and proteases. These
mediators exert direct effects on peripheral sensory neurons and
central second-order neurons, as well as indirect effects on other
immune or local cells, thereby modulating pain.

Inflammation and cell-mediated immune function have been
identified as factors associated with the efficacy of PD-1 blockade
therapies (37, 38). Our study demonstrates that patients exhibiting
elevated levels of the Platelet-Lymphocyte Ratio (PLR), Derived
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Prtes

Cox regression analysis and correlation analysis indicated that baseline pain was the independent prognostic factor for ICls treatment. (A)
Nomogram construction based on bone metastasis and pain before PSM. (B) KM survival analysis showed that the prognosis of low risk patients
better than high risk patients (HR=1.73, 95%Cl: 1.26-2.38, p=5.8e-4). (C) The AUC under the ROC curve with 1 year 0.69, 3 year 0.62 and 5year 0.62.
(D) Nomogram construction based on age, liver metastasis, bone metastasis, platelets, dNLR and pain after PSM. (E) KM survival analysis showed that
the prognosis of low risk patients better than high risk patients (HR=2.41, 95%Cl: 1.51-3.86, p=1.6e-4). (F) The AUC under the ROC curve with 1 year
0.80, 3 year 0.73 and 5year 0.80. (G) Correlation analysis showed that NRS score was positively correlated with monocytes, neutrophils, leukocytes

and platelets, and negatively correlated with lymphocytes.

Neutrophil-Lymphocyte Ratio (ANLR), Systemic Inflammation Index
(SII), and bone metastasis experience reduced efficacy of
immunotherapy, both prior to and following Propensity Score
Matching (PSM). The activation of neutrophils results in the
upregulation of various proteins, including damage-associated
molecular patterns (DAMPs), chemokines, and cytokines, such as
vascular endothelial growth factor (VEGF), which contribute to
enhanced tumor angiogenesis and the facilitation of distant
metastasis (39). Furthermore, neutrophils can undergo degranulation,
a process during which molecules such as defensins, myeloperoxidase,
and lysozyme are secreted from intracellular granules into the
extracellular environment, leading to tissue damage and promoting
tumor metastasis (40, 41). Importantly, neutrophils can exhibit an
immunosuppressive function in cancer, facilitating tumor progression
primarily by inhibiting the recruitment of other immune cells to the
tumor microenvironment (TME). Specifically, neutrophils are capable
of releasing reactive oxygen species (ROS) (42), and enzymes such as
arginase 1, which suppress the T-cell response within the TME.
Notably, the secretion of interleukin-8 (IL-8) by cancer cells can
stimulate neutrophils to release arginase into the TME (43). This
enzyme degrades extracellular arginine, a crucial amino acid for T-cell
activation and proliferation (44), thereby inhibiting the T-cell response.

In addition to the role of neutrophils, platelets typically exert a
negative regulatory influence on immune checkpoint inhibitors
(ICIs) therapy. Platelets facilitate the survival and proliferation of
tumor cells through the secretion of various cytokines, including
vascular endothelial growth factor (VEGF), transforming growth
factor-p (TGF-B), and platelet-derived growth factor (PDGF)
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(45).Furthermore, chemokines associated with platelets have the
capacity to modulate immune responses within the tumor
microenvironment and influence tumor angiogenesis (46).
Activated platelets are capable of engaging in both direct and
mediated binding interactions with cancer cells. For instance,
direct binding can occur between platelet P-selectin and cancer
cell CD44. Additionally, fibrinogen can mediate binding between
platelet GPIIb-IITa and integrin ooVB3 on both cancer cells and
cancer-associated angiogenic endothelial cells. Furthermore, von
Willebrand factor can facilitate binding between platelet GPIbow and
GPIbo-like motifs on cancer cells (47-51). These interactions
enable activated platelets to effectively “cloak” cancer cells,
thereby shielding them from immune surveillance within the
circulatory system (49, 52, 53).

The effectiveness of immune checkpoint inhibitors (ICIs) is
intricately linked to both the function and quantity of lymphocytes,
particularly CD8+ T cells. These CD8+ T cells serve as the primary
effector cells capable of infiltrating the tumor microenvironment of
immunogenic tumors, thereby augmenting the therapeutic
response to ICIs (54). Furthermore, various cytokines secreted by
lymphocytes, including interferon-gamma (IFN-y) and tumor
necrosis factor-alpha (TNF-ar), contribute to tumor suppression
and extend the survival of cancer patients (55).

In addition to the involvement of peripheral blood inflammatory
cells, our findings indicate that bone metastases significantly
contribute to the limited efficacy of immune checkpoint inhibitors
(ICIs) treatment. The skeletal system is frequently affected during
metastatic progression, resulting in bone-related complications such
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FIGURE 3

Consistency cluster analysis and principal component analysis. (A) When consensus matrix k=2, the samples were divided into two modules. (B, C)
When consensus matrix k=2, the internal consistency performed best. (D) When consensus matrix k=2, consensus scores of all samples were
displayed. (E) Principal component analysis indicated that when consensus matrix k=2, the samples can be well distinguished.

as severe pain, pathological fractures, and hypercalcemia, all of which
substantially diminish patients’ quality of life (56). Furthermore,
the bone microenvironment is characterized by a distinct
immunosuppressive milieu (57). Notably, bone marrow-derived
suppressor cells (MDSCs) have been implicated in the suboptimal
therapeutic outcomes associated with ICIs (58). MDSCs have the
capacity to impede the anti-tumor activities of CD8+ T cells and NK
cells, thereby exerting a detrimental influence on immune regulation.
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Although it was clear in retrospective analysis that pain will lead
to poor curative effect of ICIs, the key molecules and mechanisms
that played a role were still unclear. We found that CXCLI12 played
an important role in this process. Through GEO data set, we
identified CXCLI12, a pain-related core target in patients receiving
ICIs treatment. Studies have shown that the activation of CXCL12/
CXCR4 signaling pathway can up-regulate the phosphorylation of
extracellular signal regulated kinase (ERK) in spinal cord or the
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FIGURE 4

Differential expression analysis and survival analysis. (A) Volcanic map, red stands for up-regulation and green stands for down-regulation. (B) Heat
map, red stands for up-regulation and blue stands for down-regulation. (C) MCC algorithm identified CXCL10, CCR2, CXCL9, CCR5, CXCL12,
CXCL11, CXCR4, CCR1, CXCL13, and CCL5 hub 10 core targets. (D) Correlation analysis between 10 hub core targets. (E) OS of CCR2 in LUAD.
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