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Abstract.

BACKGROUND: Osteosarcoma (OS) is a relatively rare malignant bone tumor in teenagers; however, its molecular mechanisms
are not yet understood comprehensively.

OBJECTIVE: The study aimed to use necroptosis-related genes (NRGs) and their relationships with immune-related genes to
construct a prognostic signature for OS.

METHODS: TARGET-OS was used as the training dataset, and GSE 16091 and GSE 21257 were used as the validation datasets.
Univariate regression, survival analysis, and Kaplan-Meier curves were used to screen for hub genes. The immune-related targets
were screened using immune infiltration assays and immune checkpoints. The results were validated using nomogram and decision
curve analyses (DCA).

RESULTS: Using univariate Cox regression analysis, TNFRSF1A was screened from 14 NRGs as an OS prognostic signature.
Functional enrichment was analyzed based on the median expression of TNFRSF1A. The prognosis of the TNFRSF1A low-
expression group in the Kaplan-Meier curve was notably worse. Immunohistochemistry analysis showed that the number of
activated T cells and tumor purity increased considerably. Furthermore, the immune checkpoint lymphocyte activation gene 3
(LAG-3) is a possible target for intervention. The nomogram accurately predicted 1-, 3-, and 5-year survival rates. DCA validated
the model (C = 0.669).

Conclusion: TNFRSF1A can be used to elucidate the potential relationship between the immune microenvironment and NRGs in
OS pathogenesis.
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1. Introduction 65 and above [2]. In the year 2000, the mortality rate

for osteosarcoma was 0.021 per 100,000 individuals,

Osteosarcoma, a prevalent bone tumor, predomi-
nantly affects adolescents, with the disease typically
manifesting between the ages of 15-20 [1]. This neo-
plasm exhibits a bimodal age distribution, featuring a
secondary peak in incidence among individuals aged
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escalating to a peak of 0.132 per 100,000 individuals
in 2018 [3]. Notably, the elderly subgroup manifests
the lowest five-year survival rate, likely attributable to
concurrent non-neoplastic complications [3]. Over the
past two decades, the 5-year survival rate has shown
improvement, reaching 60—70% in patients with local-
ized tumors. However, for patients with recurrent or
metastatic osteosarcoma, the 5-year survival rate re-
mains below 25% [4]. Presently, early surgical inter-
vention stands as the principal and pivotal therapeu-
tic strategy. The administration of doxorubicin, cis-
platin, and high-dose methotrexate, collectively known
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Table 1
Baseline patient characteristics for three datasets
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GSE21257 TARGET

GSE16091
Organism Homo sapiens
Experiment type Expression profiling by array
Platforms GPL96
Sample (number) 34

Homo sapiens
Expression profiling by array
GPL10295

53

Homo sapiens
Log2 (Count 4 1)
Ilumina

85

as “MAP,” coupled with limb-sparing surgery for pri-
mary tumor resection, is associated with an approxi-
mate 70% 5-year survival rate in cases of localized dis-
ease. In instances of distant metastasis, patients follow-
ing the “MAP” treatment protocol demonstrate 5-year
survival rates ranging from 10% to 40% [5]. Early di-
agnosis and treatment significantly enhance the prog-
nosis of osteosarcoma. However, challenges arise due
to a limited understanding of the disease’s origin, lead-
ing to diagnostic difficulties and treatment delays [6].
Recent advancements in biomedicine have positioned
targeted therapy as a promising avenue for osteosar-
coma treatment. This involves targeted inhibition of
apoptosis- [7] and autophagy-related [8] genes, com-
bined with immunotherapy to alleviate osteosarcoma.
Despite these efforts, outcomes remain unsatisfactory,
underscoring the imperative for further research to elu-
cidate the molecular mechanisms of osteosarcoma im-
munotherapy and identify pertinent biomarkers for im-
mune checkpoint inhibitors.

Necroptosis, a non-cysteine protease-dependent form
of cell death, exhibits morphological features identical
to those of cell necrosis. However, it occurs through
a distinct programmed cell death mechanism that is
completely independent of the apoptosis signaling path-
way [9]. Necroptosis is involved in the pathogene-
sis of glioblastoma [10] and non-small cell lung can-
cer [11] and plays an essential role in orthopedic dis-
eases. Necroptosis inhibitors provide significant relief
from osteoarthritis [12] and osteonecrosis of the femoral
head [13]; therefore, necroptosis genes may also be
involved in OS pathogenesis.

To date, numerous studies have analyzed pathogen-
esis of OS from different perspectives. Li et al. con-
structed a prognostic model related to autophagy in
OS using univariate/multivariate Cox regression and
tested the model in a validation dataset, but lacked a
joint analysis of immune infiltration [14]. Hua et al. em-
ployed non-negative matrix factorization (NMF) clus-
tering and the least absolute shrinkage and selection op-
erator (LASSO) algorithm to identify eight necroptosis-
related genes (NRGs) in OS, which were validated with
a validation cohort [15]. This study provides an ini-
tial assessment of immune infiltration and the tumor

microenvironment in osteosarcoma; however, it is ac-
knowledged that incorporating research pertaining to
immune checkpoints would undoubtedly enhance the
comprehensive understanding of these aspects. Zheng et
al. screened seven IncRNAs related to necroptosis and
survival analysis showed that the IncRNAs were closely
associated with poor prognosis in high-risk patients.
However, the study did not use a validation dataset to
test the results [16]. Although many discoveries have
been made regarding OS, the mechanisms associated
with NRGs in OS remain elusive.

In the present study, univariate Cox regression was
used to construct a necroptosis gene-related OS model
to screen for the risk gene TNFRSF1A. Patients with
OS were classified into high- and low-risk groups using
the median TNFRSF 1A expression level as the cut-off,
and survival analysis was performed for both groups.
Differentially expressed genes (DEGs) and functional
enrichment were analyzed. Additionally, a combined
analysis of immune infiltration and immune scores was
performed for the OS group. Finally, a nomogram and
decision curve analysis (DCA) were performed to ex-
amine the reliability of TNFRSFIA in the model. Our
data indicate that targeting the TNFRSFIA gene might
enhance the therapeutic treatment of OS.

2. Materials and methods
2.1. Acquisition of gene expression data

Microarray expression profiles for OS were ob-
tained from the Therapeutically Applicable Research
to Generate Effective Treatments (TARGET) database
(http://target.nci.nih.gov) [17], and microarray data
from GSE16091 (GPL96) [18] and GSE21257
(GPL10295) [19] were collected from the Gene Expres-
sion Omnibus (GEO) database (https://www.ncbi.nlm.
nih.gov/geo/) [20]. The three datasets were integrated
using the limma package [21] and normalization within
the dataset was performed using the normalizeBe-
tweenArrays function. The TARGET-OS dataset was
used as the training set, and GSE 16091 and GSE 21257
were used as the validation sets. All clinical information
in the three datasets is presented in Table 1.
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2.2. Selection of necroptosis genes associated with
survival outcome

Univariate Cox regression analysis was conducted to
screen the TARGET-OS dataset genes, with P < 0.05
and SD > 0.2. The genes were then intersected with
14 NRGs (RIPK1, TLR2, TLR3, TLR4, TNFRSFIA,
ZBP1, NR2C2, HMGBI1, CXCL1, USP22, TRAF2,
ALDH2, EZH2, NDRG?2) [22]. The NRG TNFRSF1A,
which is more closely associated with OS survival out-
comes, was obtained.

2.3. Analysis of TNFRSF 1A gene expression and
prognosis in the TARGET-OS cohort

The Wilcoxon test was used to examine the expres-
sion of TNFRSF1A in different age (older or younger
than 14 years) and sex groups (female or male); box
plots were drawn at the nodes, with P < 0.05. Sur-
vival analysis was performed using the Survival [23]
and Survminer [24] packages, and Kaplan-Meier curves
were plotted for the high- and low-TNFRSF 1A expres-
sion groups in TARGET-OS.

2.4. Analysis of DEGs

The DEGs in the three datasets were analyzed based
on high- and low-expression groups of TNFRSFI1A
using the Limma package. The numbers of upregu-
lated and downregulated genes were calculated. Vol-
cano plots and heat maps were generated using the
ggplot2 and heatmap packages. DEGs from the three
datasets that were clustered by hierarchical clustering
were considered intersections.

2.5. Functional enrichment analysis

DEGs in TARGET-OS were analyzed and visual-
ized for Gene Ontology (GO) [25] and Kyoto En-
cyclopedia of Genes and Genome (KEGG) [26] en-
richment using the clusterProfiler [27,28] and GOplot
packages [29], with P < 0.05. Gene set enrichment
analysis (GSEA) [30] was performed using expres-
sion profiles from high- and low-risk groups. Gene sets
of ‘c5.go.v7.4. entrez.gmt’ and ‘c2.cp.kegg.v7.4. en-
trez.gmt’” were obtained from the Molecular Signature
Database (MSigDB) [31] for running GSEA, with P <
0.05.

2.6. Protein-protein interaction network of NRGs

Fourteen NRGs were used to construct PPI networks

in the STRING database [32] (https://string-db.org/)
with a confidence threshold of 0.4. Correlation analy-
sis was performed for NRGs in TARGET-OS. Subse-
quently, a correlation heat map was plotted, and points
with significance were shown in color based on correla-
tion coefficients. Box plots of the 14 NRGs are shown
for GSE16091 and GSE21257, with P < 0.05.

2.7. Effect of TNFRSFIA gene expression grouping on
immune cell infiltration

The immune cell immunoreactive gene sets obtained
from the ImmPort database (http://www.immport.
org) [33] were from a previous study [34]. Correlation
analysis of anti-tumor immunity and pre-tumor sup-
pression was performed by plotting correlation scatter
plots for single-sample gene set enrichment analysis
(ssGSEA) [35].

2.8. Analysis of high and low TNFRSF 1A expression
for immunotherapy

Differences in expression at the immune check-
points [36] were calculated for the three datasets. A vio-
lin plot was constructed using the ggplot2 package. The
ESTIMATE [37] package was used to calculate stro-
mal and immune scores, estimate scores, and determine
tumor purity.

2.9. Correlation analysis of different risk factors on
the prognosis of OS

The prognosis-related indicators (age and sex) for OS
were selected. Age and TNFRSF1A expression were
used as continuous variables, whereas sex was used as a
categorical variable. The Forest Plot [38] package [34]
was used to determine the odds ratio of each factor. The
ROC curve was constructed using the pROC package
and the area under the curve (AUC) was calculated. The
rms package [39] generated a nomogram to predict the
relationships between the variables in the model and the
effectiveness of model evaluation in TARGET-OS at
one, three, and five years. Prognostic performance was
examined using the concordance of the index (c-index)
and P-value.

2.10. Statistical analysis
To compare variables between the two groups, the

Student’s ¢-test was used for normally distributed con-
tinuous variables and the Mann-Whitney U (Wilcoxon
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Fig. 1. Flow chart for the study. The flow chart illustrates the step-by-step workflow employed in the present study to investigate the role of

TNFRSFIA in osteosarcoma development.

rank-sum) test was used for non-normally distributed
continuous variables. All statistical analyses were per-
formed in R software (https://www.r-project.org, ver-
sion 4.0.2). All statistical tests were two-sided, with
P <0.05.

3. Results

A flowchart of the study process is shown in Fig. 1.
TNFRSFIA was screened from the intersection of
TARGET-0S and NRGs using univariate Cox regres-
sion analysis. High- and low-expression groups were
distinguished based on the median expression level of
TNFRSFIA. There were no significant differences in
TNFRSFIA expression in the age (older or younger
than 14 years) and sex (female or male) subgroups of
the TARGET-OS cohort, indicating that the expres-
sion of TNFRSFIA was not related to age or sex in
patients with OS (Fig. 2a and b). However, the sur-
vival outcomes of the high-expression groups were bet-
ter than those of the low-expression groups of TN-
FRSF1A (Fig. 2c). In addition to TNFRSFIA, the ex-
pression of three other genes in the 14 NRGs was sig-
nificantly different between the two TNFRSFIA risk
groups (Fig. 2d): TLR2 (P = 0.011881), EZH2 (P =
0.001441), and HMGBI (P = 0.030055).

3.1. DEG screening

In the TARGET-OS, GSE16091, and GSE21257
datasets, DEGs were screened using the median TV-
FRSF1A expression as a cut-off and for drawing vol-
cano plots, with absolute values of Log2FC > 0 and

P < 0.05, as the threshold (Fig. 3a and c). The num-
ber of upregulated genes in the three datasets was 778,
1208, and 2589, compared to 687, 2190, and 2589, re-
spectively, for the downregulated genes. The top 10
DEGs in the three datasets were used to create a heat
map to show the differences between the two TN-
FRSF1A expression groups (Fig. 3d—f). A total of 28
DEGs from the three datasets were obtained from the
intersection to generate a heat map (Fig. 3g).

3.2. Enrichment analyses

A total of 1465 DEGs in the TARGET-OS dataset
were analyzed using GO and KEGG enrichment analy-
ses (Supplementary Table S1). GSEA was performed to
clarify the different pathways and functions associated
with different prognoses (Supplementary Table S2). En-
richment analysis primarily focuses on immune-related
biological processes, including neutrophil activation,
neutrophil-mediated immunity, and antigen-processing
immune responses (Figs S1 and S2).

3.3. PPI network analysis for NRGs

PPI network plots were constructed using the
STRING database (Fig. 4a) and the correlation coef-
ficients of the 14 NRGs were calculated. Those with
absolute values greater than 0.5 were marked with
color (Fig. 4b). The expression of NRGs was calculated
and plotted as a box plot between the high- and low-
expression groups of TNFRSF1A (Fig. 4c and d). In
GSE16091, the expression of ALDH2 (P = 0.0043)
and HMGBI1 (P = 0.016) was significantly different
among the groups, whereas in GSE21257, the expres-
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Fig. 2. The expression and prognostic analysis of NRGs in the TARGET-OS cohort. (a) Age-related expression of the TNFRSF1A gene in patients
with OS; orange is less than 14 years; blue is greater than 14 years. (b) Expression of TNFRSF1A in different sexes; orange indicates males; blue
indicates females. (¢) K—M curve in different TNFRSF1A expression groups; orange is the high-expression group; blue is the low-expression
group. (d) Box plot of NRGs expression in the two TNFRSF1A expression groups; blue is the high-expression group; red is the low-expression

group. ns: P > 0.05, *P < 0.05, **P < 0.01, **** P < 0.0001.
sion of TLR3 (P = 0.006), TLR4 (P = 0.045), ZBP1
(P = 0.028), NR2C2 (P = 0.001), HMGBI1 (P =
0.018), TRAF2 (P = 0.003), and ALDH?2 (P = 0.010)
were significantly different.

3.4. Immune cell infiltration

Thedegree of immune cell enrichment was calculated

using ssGSEA algorithm. The immune cell enrichment
score was lower in the TNFRSF1A low-expression
group than in the high-expression group (Fig. 5a). How-
ever, the correlation are weak between pro-tumor sup-
pression and anti-tumor immunity (Fig. 5b). Immune
cell infiltration analysis of Target-OS samples showed
a low enrichment of type 2 T helper cells and a high
enrichment of activated B cells (Fig. 5c). Box plots
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of the proportions of immune cells in the two TN-
FRSF1IA groups showed a significant difference be-
tween activated dendritic cells and activated CD8+ T
cells (Fig. 5d).

3.5. Immunotherapy with immune checkpoints

The immune checkpoints Cytotoxic T lymphocyte-

associated antigen-4 (CTLA4), lymphocyte activation
gene 3 (LAG-3), and T cell immunoreceptor with Ig
and ITIM domains (TIGIT) were selected to clarify the
differences in immunotherapy for TNFRSF1A. In the
TARGET-OS training set, the expression level of LAG3
was considerably higher in the TNFRSF1A high ex-
pression group (Fig. 6a). A similar trend was evident in
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the validation dataset, GSE16091 (Fig. 6b). However,
none of the three immune checkpoints was differen-
tially expressed in the GSE21257 dataset (Fig. 6¢). Stro-
mal score, immune score, estimated score, and tumor
purity were calculated using the TARGET-OS dataset.
The low-expression group had lower stromal, immune,

3.6. Prognostic correlation of risk factors in OS

In the TARGET-OS dataset, a multivariate Cox re-
gression analysis forest plot was constructed using TN-
FRSF 1A expression, age, and sex (Fig. 7a). Only the
factor “TNFRSFIA expression” was located to the left
of the null line (HR = 0.42, CI = 0.24-0.73, P =
0.002), suggesting that TNFRSFI1A expression might
be an important contributor to the survival outcome of
patients with OS. These three factors were used as selec-

and estimated scores (Fig. 6d—f). In contrast, the tumor
purity of the high-expression group was much higher
(Fig. 6g).
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tion factors for ROC curve plotting with AUC values of
0.668, 0.512, and 0.497, respectively, in the TARGET-
OS cohort dataset (Fig. 7b). To evaluate the predic-
tive ability of the model for the prognosis of patients
with OS, we selected OS-related factors (T'NFRSFIA
expression, age, and sex) to construct a nomogram to
predict 1-, 3-, and 5-year survival rates (Fig. 7c). The
predictive effect of the model was validated by plotting
DCA curves in the TARGET-OS dataset using the RMS
package to obtain the prediction results for 1-, 3-, and
5-year survival rates. Based on the fit of the curve to
the gray line and C-index = 0.669, the model predicted
well (Fig. 7d-f).

4. Discussion

OS, a rare malignant bone tumor, is characterized
by the direct production of tumor cells in bone-like tis-
sues, causing pathological changes in the body’s bone
tissue that affect bone health. Recently, owing to the

deficiency of early diagnostic markers and the rapid
development of the disease, most patients with OS are
already in advanced stages after diagnosis and must
undergo surgery due to intolerable physical and psycho-
logical trauma [6]. In recent years, targeted gene ther-
apy has emerged as a promising treatment for OS [8].
Necroptosis is a widely studied form of cell death, and
many studies have shown that NRG can be used as a
target molecule for the prognosis or diagnosis of dis-
eases such as osteoarthritis [40] and osteoporosis [41].
However, the exact targets of NRG and its detailed ther-
apeutic mechanisms remain unknown. In this study,
TNFRSF1A, a critical NRG that can be used as a di-
agnostic marker for OS, was screened using univari-
ate Cox regression analysis. We used TARGET-OS as
the training group, and GSE16091 and GSE21257 as
the validation groups. The normality and DCA curves
confirmed the validity of the model. Immune infiltra-
tion and immune checkpoint analyses performed on
the three datasets indicated that TNFRSF1A is a good
diagnostic marker of OS.
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Necroptosis is preprogrammed death triggered by
death receptors, interferons, toll-like receptors, intracel-
lular RNA and DNA sensors, and other mediators [42].
Based on univariate Cox regression analysis, among
the 14 evaluated NRGs [22], the prioritization of TN-
FRSFIA arises from its noteworthy association with
OS prognosis and its pertinence in immune-related
mechanisms in OS pathogenesis. The decision to inves-
tigate TNFRSF1A was further grounded in its estab-
lished involvement in immune signaling pathways and
its potential capacity to modulate tumorigenesis. Con-
sequently, TNFRSF1A was designated as the central
focus of subsequent endeavors involving enrichment
analyses, immune analyses, and prognostic modeling.
TNFRSF1A encodes TNF receptor type I TNFR1, also
known as CD120a [43]. In addition, TNFRSF1A has
shown potential as a biomarker for various tumors. In
non-small cell lung cancer, TNFRSF 1A is closely cor-
related with tumor microenvironment changes and tu-
mor mutation burden (TMB), and is positively corre-
lated with the adverse prognosis of the disease [44].
In clear cell renal cell carcinoma, TNFRSF1A is sig-
nificantly associated with clinicopathological features,
TMB, and expected survival time [45]. These results

contradict the results of the present study. However,
TNFRSFIA acts as a protective gene involved in the
regulation of pyroptosis in OS cells. In the high-risk
OS group, the expression level of TNFRSF1A was re-
duced, whereas the incidence of pyroptosis was signifi-
cantly increased [46]. The finding is consistent with the
results of the present study. It has been suggested that
TNFRSFIA, whether involved in necroptosis or py-
roptosis, exerts an inhibitory effect on OS progression.
Lung, renal, and breast cancers are visceral cancers that
are mainly found in middle-aged and elderly individu-
als, whereas OS is more common in teenagers. Research
indicates that TNFRI is involved in the progression of
lung cancer by mediating tumor cell-induced endothe-
lial cell death, tumor cell extravasation, and metastatic
seeding [47]. TNFRI participates in the growth and
survival of clear cell renal cell carcinoma by promot-
ing cell cycle entry, activating NF-xB-mediated anti-
apoptotic pathways, and initiating apoptotic signaling
pathways [48]. Mekyt et al. found that ETS variant
transcription factor 7 (ETV7) directly binds to intron
I of the TNFRSF1A gene. This interaction suppresses
TNFRSFIA protein expression, thereby impeding NF-
kB signal activation and diminishing the inflammatory



308

Y. Zhang et al. / Identification of TNFRSFIA as a potential biomarker for osteosarcoma

B,

HighExpression
Group H LowExpression
Activated CD4 T cell
Activated CD8 T cell
Activated dendritic cell
CD56bright natural killer cell
Central memory CD4 T cell
Central memory CD8 T cell
‘ Effector memeory CD4 T cell

Natural killer cell
Natural killer T cell

Type 1 T helper cell
CD56dim natural killer cell
Immature dendritic cell
Macrophage

Neutrophil
Plasmacytoid dendritic cell

H Regulatory T cell
I Type 2 T helper cell
Activated B cell

|

h

Eosinophil
Gamma delta T cell

Memory B cell
T follicular helper cell

i

Expression of TNFRSF1A = High Expression

O

Pro-tumor suppression

C

o

=3

|
o

Anli—?umor immunity

7.5

s

W Gamma delta Tcell [ Type 1 T helper cell
1 Immature dendritic cell | Type 2 T helper cell

o
o

0.0
M Activated B cell

N
o

Estiamted Proportion

[ Macrophage

Cell Type [l Activated CD4 T cell
I Activated CD8 T cell
[l Activated dendritic cell | Memory B cell
[l CD56bright natural killer cell Natural killer cell
Natural kiler T cell
Neutrophil

I CDS6dim natural killer cell

1 Central memory CD4 T cell

I Central memory CD8 T cell [ Plasmacytoid denditic cell

Effector memeory CD4 T cell [ Regulatory T cell
I T follicular helper cell

1 Eosinophil

= Low Expression
P=0.0259

TR

LA LT T Feh

Hw

““1—
o osof ° L)
5 ..

'..E °

8_0.25 °
e
o
B o000
Q
L
®
£
S -025
17}

1]

? © © ©® © 9 9 @ o© @ £ © & © @ © © o © © o =

S © © © O o o O O 6 & 6 @ ¢ 6o o o o © o o g9

EE 8 £ 8- 85 EE £ g f paow gk EE 58

> © = £ =S 8 = & Y § 5 £ o 2 v »>» £ @9 ¥ Y Q9 3

§ QR X ©v X F X ¢ Q== £ T § © £ s T Q 0 qa T O

T 9  § §° S 9% = § & S8 £ § O OO0 <& u

= N £ < < ~ SN = S 5 =2 5 > BT

S & 5 ©® 5 © 3 > T © T 5 @ © =

> S ®§ ™ ® £ & — 9o § o 5 8 S o £ 5 2 «

A~ S < 1<) g = ] 3 < S © o0 O o

IQ,Z:‘_,E Q o O o = EEEEQ

IS > < E » g < S S T § o & >

S g 8 © 35 F = 5 = E < £ < F

154 S © 5]

= g@ © S < £ 5

S T 5 Q IS £

3 L g 3) S Cell Type ol
w

Fig. 7. Correlation analysis of different risk factors in OS prognosis. (a) Forest plot of TNFRSF1A expression, age, and sex in TARGET-OS
cohort, labeled with HR and P-values. (b) ROC curves and AUC values of TNFRSF1A expression, age, and sex in the TARGET-OS cohort.
Different colors represent different risk factors. (c) TNFRSF1A expression, age, and sex were used to construct a nomogram to predict survival of

OS patients. (d—f) DCA calibration plots predicted the 1-, 3-, and 5-year survival rates of the TARGET-OS cohorts according to TNFRSF1A

expression. The horizontal axis and vertical axis represent the predicted and actual survival probabilities.



Y. Zhang et al. / Identification of TNFRSFIA as a potential biomarker for osteosarcoma 309

response in breast cancer cells [49]. In addition, Lin
et al. demonstrated that fucosyltransferase 8§ (FUT8)
influences OS survival by regulating the core fucosyla-
tion levels of TNF receptors (TNFRs). Decreased fuco-
sylation of TNFRs activates the non-canonical NF-xB
signaling pathway, ultimately reducing mitochondria-
dependent apoptosis in OS cells [50]. The contradictory
results regarding the expression of these TNFRSF1A
genes may be related to tissue specificity and age range.
Therefore, it is speculated that next step needs to be
supported by a pan-cancer analysis.

In this study, we identified other potential NRGs
associated with OS. HMGBI mainly promotes in-
flammation, cell differentiation, and tumor cell mi-
gration [51]. However, in contrast to TNFRSFIA,
HMGRBI is delineated as a gene associated with tu-
mor malignancy, demonstrating the potential target-
ing efficacy of HM GBI within the immune checkpoint
and tumor microenvironment [52,53]. Our study uncov-
ers HMGBI as a functionally implicated gene linked
to adverse prognosis in OS, potentially rendering it a
target for numerous non-coding RNAs that regulate
this condition [54,55]. Signal transducer and activa-
tor of transcription 3 (STAT3) is a recognized proto-
oncogene, and its sustained activation is associated with
the development of various cancers. In OS, elevated
expression of STAT3 is linked to an adverse progno-
sis while driving disease processes, such as prolifera-
tion and immune evasion [56]. Wang et al. found that
IncRNA AK093407 is highly expressed in both OS
cells and tissues, facilitating cell proliferation and sur-
vival through STAT3 activation while inhibiting apop-
tosis in the OS cell line U-20S [57]. Jiang et al. dis-
covered that the combination of AMD3100 and trip-
tolide effectively reduced the proliferation and metasta-
sis of U20S cells, while inducing apoptosis. This effect
is potentially attributed to the modulation of NF-xB
pathways. Egusquiaguirre et al. treated a triple-negative
breast cancer (TNBC) cell line with pyrimethamine
and PMPTP to block STAT3 transcription, resulting
in significant downregulation of TNFRSF1A gene ex-
pression [58]. Subsequent investigations revealed that
STATS3 directly interacts with the regulatory region of
the TNFRSF1A gene, thereby regulating its expression
level and influencing breast cancer progression through
the STAT3/TNFRSF1A/NF-xB axis [59]. Currently, re-
search on the STAT3/TNFRSF1A/NF-xB axis in OS
is lacking. Substantial evidence indicates a correlation
between single nucleotide polymorphisms (SNP) and
OS pathogenesis. Oliveira et al. demonstrated that pa-
tients with OS harboring the GG genotype of TNF-$3

rs909253 exhibited a 20% event-free survival rate at 100
mo [60]. Wang et al. found that the single nucleotide
variant (SNV) TNF-« rs1800629 increased the risk of
OS [61]. In contrast, Liu et al. reported no significant
association between the rs1800629 polymorphism of
TNF-« and OS risk [62]. The divergent findings in the
aforementioned studies may be attributed to variation
in sample size. Further large-scale trials are warranted
to explore the issue comprehensively.

Immune infiltration analysis showed that in the TN-
FRSFIA risk group, activated dendritic cell expres-
sion levels were high in the high-expression group, and
activated CD8+ T cell expression levels were high in
the low-expression group. These results indicated that
when TNFRSFI1A expression was reduced to acceler-
ate the OS process, CD8+ T cells were significantly
activated to play a cell-killing role. Zhang et al. also
found that OS progression is accompanied by a high
expression of activated CD8+ T cells, which is consis-
tent with our study [63]. Tumor cells can activate the
immune checkpoint of CD8+ T cells, which prevents
antigen presentation and T cell proliferation, thereby
suppressing the immune function of T cells [64]. Hua
et al. conducted NMF clustering analysis on various
subgroups and assessed the proportions and distinc-
tions of 22 specific immune cell types using CIBER-
SORT. They observed statistically significant differ-
ences in tumor microenvironment scores and CD8+
T cells among the different subgroups. However, fur-
ther analyses of the immune checkpoints have not yet
been conducted [15]. Immune checkpoints, clusters of
molecules present on the surface of immune cells, are
designed to modulate the intensity of immune acti-
vation and prevent immune overload. However, im-
mune checkpoint inhibitors (ICIs) can unlock the self-
limitation of T cells, in turn eliciting an immune re-
sponse to destroy tumor cells, and are a widely accepted
new-generation oncology treatment [48] Common im-
mune checkpoints include programmed cell death pro-
tein 1 (PD-1), CTLA4, and LAG-3 [65] LAG-3 is the
third immune checkpoint available for cancer treatment,
and in melanoma, LAG3 in combination with PD-1, sig-
nificantly improves tumor prognosis [66]. In TARGET-
OS, the LAG-3 immune checkpoint was highly ex-
pressed in samples with high TNFRSFI1A expression.
This indicated that LAG-3 on the surface of T cells in
the low-risk group was suppressed to prevent immune
overload. In contrast, in the high-risk group, LAG-3
expression was reduced, and T-cell suppression was en-
hanced to enhance immunity. Our immune score analy-
sis also corroborated the idea that the median expres-
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sion of TNFRSFIA distinguishes between the high-
and low-risk groups. Higher tumor purity was observed
in the high-risk group, whereas stromal, immune, and
estimated scores were all clearly lower than those in the
low-risk group.

This study had some limitations. First, as a bioin-
formatics analysis, this study presents a theoretical di-
agnostic model that has not been experimentally vali-
dated and its accuracy still needs to be evaluated. There-
fore, larger sample sizes are required to verify and im-
prove the clinical translation potential of the signature.
In addition, limited genetic data are available for the
analysis of immune infiltration and immune scores;
therefore, heterotypic cell associations and disorders
induced by various illnesses might contribute to bias
in immunoassays. Finally, the relationship between the
potential mechanism of TNFRSF1A and OS needs to
be discussed in detail.

5. Conclusion

In this study, we identified TNFRSF1A as a critical
necroptosis-based prognostic gene for OS using uni-
variate Cox regression analysis. Immune analysis re-
vealed the involvement of the immune checkpoint LAG-
3 in CD8+ T cells in OS pathogenesis. The consistent
results obtained in the validation groups GSE16091
and GSE21257 further support the significance of TNV~
FRSFIA. Notably, our findings based on the Kaplan-
Meier curves and AUC analysis demonstrate that low
TNFRSFIA expression is significantly associated with
poor OS. In addition, our clinical prediction model vali-
dated the prognostic value of TNFRSF1A. The findings
suggest that TNFRSF 1A plays a crucial role in mod-
ulating the tumor immune microenvironment, which
could guide clinical immunotherapy approaches for OS.
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