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Abstract

Background/Objectives: Osteosarcoma exhibits bimodal age distribution with distinct clini-
cal behaviors between pediatric and adult patients. Despite genomic evidence supporting
age-related molecular heterogeneity, systematic transcriptomic characterization remains lack-
ing. This study aimed to delineate age-associated transcriptional differences and develop a
pediatric-specific prognostic signature. Methods: Bulk RNA sequencing was performed on
tumor specimens from 70 osteosarcoma patients stratified into pediatric (≤14 years, n = 37),
adolescent (15–18 years, n = 22), and adult (≥19 years, n = 11) groups. Differential expression,
functional enrichment, and immune infiltration analyses were conducted. A pediatric-specific
signature was validated in the TARGET-OS cohort (n = 87). Results: Pediatric osteosarcoma
exhibited a hyperproliferative phenotype, enriched in E2F targets, G2M checkpoint, and
DNA replication pathways. Adolescent tumors showed heightened immune–inflammatory
signatures, while adult tumors activated osteogenic differentiation programs. Regarding the
immune microenvironment, only adolescent tumors demonstrated active immune infiltra-
tion; pediatric and adult groups exhibited immunologically “cold” features. We identified a
10-gene pediatric-specific transcriptomic signature that declined with increasing age. High
signature scores were significantly associated with inferior overall survival (hazard ratio
[HR] = 5.6, 95% confidence interval [CI]: 1.2–26.2, p = 0.01) and progression-free survival
(HR = 2.1, 95% CI: 1.1–4.2, p = 0.03). These findings showed concordant trends in the inde-
pendent TARGET-OS cohort. Conclusions: Pediatric, adolescent, and adult osteosarcoma
harbor distinct transcriptional profiles representing biologically different disease entities. The
pediatric-specific 10-gene signature may serve as a clinically actionable biomarker for risk
stratification and guide age-adapted therapeutic strategies.

Keywords: pediatric osteosarcoma; transcriptomics; age stratification; prognostic signature;
tumor microenvironment; cell proliferation; risk stratification
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1. Introduction
Osteosarcoma (OS) is the most common primary malignant bone tumor, accounting

for approximately 35% of all bone malignancies [1]. The disease exhibits a characteristic
bimodal age distribution, with an initial peak during adolescence (10–19 years) coinciding
with the pubertal growth spurt, and a secondary peak in adults over 60 years of age [1,2].
These two populations differ not only in epidemiological patterns but also in clinical
presentation: pediatric OS typically arises in the metaphyses of long bones during periods
of rapid skeletal growth [3], whereas adult-onset cases are more frequently associated with
secondary etiologies and may demonstrate distinct metastatic behaviors and treatment
responses [4]. Despite these recognized clinical differences, current therapeutic approaches
remain largely uniform across age groups, relying on neoadjuvant chemotherapy followed
by surgical resection. While this standardized regimen achieves approximately 70% five-
year survival rates for patients with localized disease, outcomes for those with metastatic
or recurrent OS remain poor, with survival rates below 20% [5,6]. These outcomes have not
substantially improved over the past four decades, highlighting the need for more refined,
biologically informed treatment strategies.

Genomic studies have begun to characterize the molecular landscape of OS across
different age groups. Unlike many solid tumors that harbor recurrent driver mutations,
OS is defined by extensive chromosomal instability, including chromothripsis, kataegis,
and widespread copy number alterations (CNAs) [7–10]. Within this complex genomic
background, age-associated differences have been identified. Zou and colleagues analyzed
194 patients and found that homologous recombination deficiency (HRD)-related alterations
were approximately twice as frequent in younger patients compared to older adults (~17%
vs. ~8%) [11,12]. Large-scale clinical sequencing has further confirmed these patterns, with
PDGFRA and VEGFA amplifications predominating in younger cohorts and CDK4/MDM2
amplifications more common in older patients [13]. However, the functional and clinical
implications of these genomic differences remain incompletely understood, and genomic
data alone have not yet translated into age-specific therapeutic strategies.

Transcriptomic profiling offers a complementary approach to understanding OS biol-
ogy, as it captures the functional state of gene expression and tumor-microenvironment
interactions. Recent advances in RNA sequencing have enabled detailed characterization of
the OS immune landscape [14–17] and identification of molecular subtypes with differential
chemotherapy sensitivity [18]. However, these studies have primarily analyzed mixed-age
cohorts without systematic stratification by age group. As a result, whether pediatric and
adult OS exhibit distinct transcriptomic signatures, and whether such differences carry
prognostic significance, remains unclear. This gap in knowledge limits the development of
age-appropriate risk stratification models and targeted therapeutic approaches.

In this study, we conducted comprehensive bulk RNA sequencing on tumor samples
derived from 70 individuals diagnosed with osteosarcoma, meticulously categorized into
three cohorts: pediatric patients (≤14 years), adolescents (15–18 years), and adults (≥19 years).
We comprehensively compared transcriptomic differences across age groups and explored
their potential clinical implications, with findings independently validated in the TARGET-OS
cohort. These results will contribute to a comprehensive transcriptomic framework delineating
age-dependent molecular heterogeneity in osteosarcoma and provide a clinically applicable
tool for risk stratification.

2. Materials and Methods
2.1. Patient Cohort and Sample Collection

Our retrospective cohort comprised 70 osteosarcoma patients treated at Peking University
People’s Hospital from June 2012 to December 2023. To ensure data integrity, we only included
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cases with histologically confirmed primary disease and characteristic radiographic features.
All subjects had undergone complete surgical resection and were followed for at least three
months, with any patients presenting concurrent malignancies being excluded. We extracted
comprehensive clinicopathological and therapeutic data from electronic medical records,
a process double-checked by two independent investigators; a third senior reviewer was
consulted to settle any conflicting data points. Following a standardized treatment protocol
as previously defined, patients were categorized into three developmental stages at the
time of diagnosis: pediatric (≤14 years), adolescent (15–18 years), and adult (≥19 years).
The age-based stratification in this study was defined to reflect both the biological growth
phases and clinical oncology standards. The cutoff of ≤14 years corresponds to the peak
incidence observed in late childhood/early puberty as reported in SEER data. The 15–18 years
range captures the window of maximal pubertal growth spurt associated with osteosarcoma
pathogenesis, while patients ≥19 years represent the transition to adult clinical management
protocols, a division consistent with previous large-scale cohort studies [19,20]. The overall
experimental design and analytical workflow of this study are summarized in Figure 1. This
study adhered to the Declaration of Helsinki and received formal clearance from the Ethics
Committee of Peking University People’s Hospital (No. 2024PHB432-001), with written
informed consent obtained from all participants.

Figure 1. Schematic overview of the study design. Overview of the study workflow, including patient
cohort stratification into pediatric (≤14 years), adolescent (15–18 years), and adult (≥19 years) groups.
The diagram illustrates the integrated pipeline of bulk RNA sequencing, differential expression
analysis, immune microenvironment characterization, and the development and validation of the
pediatric-specific 10-gene prognostic signature.

2.2. External Validation Cohort

For external validation, transcriptomic data and corresponding clinical information
from 87 patients with primary osteosarcoma were obtained from the Therapeutically
Applicable Research to Generate Effective Treatments (TARGET) Osteosarcoma Project
(TARGET-OS; https://ocg.cancer.gov/programs/target, accessed on 23 October 2024).
Gene expression profiles were processed and normalized as described in the original
dataset publications.
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2.3. Bulk RNA-Seq and Data Analysis

Fresh-frozen tumor specimens from 70 patients were processed under sterile con-
ditions, immediately cryopreserved in liquid nitrogen, and maintained at −80 ◦C until
analysis. Total RNA isolation was performed using TRIzol reagent (Invitrogen, Carlsbad,
CA, USA) in accordance with the manufacturer’s guidelines. RNA purity and concentration
were determined using a NanoDrop 2000 spectrophotometer (Thermo Fisher Scientific,
Waltham, MA, USA), and RNA integrity was evaluated using an Agilent 2100 Bioanalyzer
(Agilent Technologies, Santa Clara, CA, USA). Samples with RNA integrity number (RIN)
≥ 7 were subjected to library construction. Sequencing libraries were prepared using the
VAHTS Universal V6 RNA-seq Library Prep Kit (Vazyme, Nanjing, China) according to
the manufacturer’s instructions, and sequenced on an Illumina NovaSeq 6000 platform,
generating 150-bp paired-end reads. Following quality filtering and adapter trimming,
raw sequencing reads were aligned to the human reference genome (hg38) using STAR
(v2.7) [21], after which gene-level expression was quantified using featureCounts [22] and
subsequently normalized as transcripts per million (TPM) for downstream analyses.

2.4. Differential Gene Expression Analysis

Pairwise differential gene expression analyses were performed among the three age
groups (pediatric patients vs. adults, pediatric patients vs. adolescents, and adolescents
vs. adults) using the DESeq2 package [23] in R (v4.2.0). Prior to differential expression
analysis, raw count data were normalized using the variance stabilizing transformation
(VST) method. Genes meeting the thresholds of p value < 0.05 (Benjamini–Hochberg
correction) and |log2(fold change)| > 0.58 were defined as significantly differentially
expressed genes (DEGs), and their distribution was subsequently visualized using volcano
plots generated with the EnhancedVolcano package (v1.16.0).

2.5. Unsupervised Clustering Analysis

To explore transcriptomic patterns associated with age, unsupervised hierarchical
clustering was performed on the expression profiles of age-associated DEGs using the
ComplexHeatmap package [24] in R. Euclidean distance served as the distance met-
ric, with Ward’s method (Ward.D2) applied for linkage. Prior to clustering and visu-
alization, expression values were scaled across samples using z-score normalization to
ensure comparability.

2.6. Functional Enrichment Analysis

Gene Set Enrichment Analysis (GSEA) was performed using the clusterProfiler pack-
age [25] in R to identify biological processes and pathways associated with age-related
transcriptomic differences. GSEA was conducted with Gene Ontology (GO) gene sets to
assess enrichment in biological processes, molecular functions, and cellular components.
Additionally, GSEA was performed with the Hallmark gene sets (MSigDB, v7.5.1) [26]
to evaluate pathway-level enrichment. Pathways with an adjusted p value < 0.05 and
|normalized enrichment score (NES)| > 1 were considered significantly enriched.

2.7. Single-Sample Gene Set Enrichment Analysis (ssGSEA)

Single-sample GSEA (ssGSEA) was performed using the GSVA package [27] in R to
quantify the enrichment of predefined gene sets at the individual sample level. Gene sets
related to cell cycle progression (such as E2F targets and G2M checkpoint), immune and
inflammatory responses (such as inflammatory response, TNF-α signaling via NF-κB, and
B cell receptor signaling), and osteogenic differentiation (such as BMP/TGF-β signaling
and osteoblast differentiation) were curated from MSigDB and literature-derived sources.
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ssGSEA scores were compared across age groups using the Kruskal–Wallis test, with
post-hoc pairwise comparisons performed using Dunn’s test with Bonferroni correction.

2.8. Immune Cell Infiltration Analysis

The CIBERSORT algorithm [28] was applied to estimate the relative proportions of
22 immune cell subtypes from bulk RNA-seq expression profiles using the LM22 signature
matrix. For each sample, 1000 permutations were performed to ensure robustness, and only
samples achieving a CIBERSORT p value < 0.05 were retained for downstream analysis.
The resulting estimates of relative immune cell abundance were then compared across
the three age groups using the Kruskal–Wallis test, with post-hoc pairwise comparisons
conducted using Dunn’s test.

2.9. Development of the Pediatric-Specific Transcriptional Signature

To construct a pediatric-specific transcriptional signature, genes significantly upregu-
lated in the pediatric group relative to both adolescents and adults were identified from
the DEG analysis. Candidate genes were further refined based on their biological rele-
vance to cell proliferation and metabolism, as determined by GO annotations, resulting
in a final panel of 10 genes: MT1G, CTXN1, CENPV, CDCA7, HPDL, BNIP3, SIGMAR1,
UCHL1, NPW, and TAC3. To quantify this pediatric-specific transcriptional signature at
the individual level, a composite score was calculated for each sample as the mean of
the z-score–transformed expression values of these 10 genes. Patients were subsequently
stratified into high- and low-score groups using the median signature score as the cutoff.

2.10. Statistical Analysis

Continuous variables were summarized as median with interquartile range (IQR)
and compared using the Kruskal–Wallis test for multi-group comparisons or the Mann–
Whitney U test for two-group comparisons, whereas categorical variables were expressed
as frequencies (percentages) and analyzed using the chi-square test or Fisher’s exact test, as
appropriate. For survival analysis, overall survival (OS) and progression-free survival (PFS)
were estimated using the Kaplan–Meier method, with differences between groups assessed
by the log-rank test; hazard ratios (HRs) and corresponding 95% confidence intervals (CIs)
were derived from Cox proportional hazards regression models. All statistical analyses
were conducted using R (v4.2.0), with a two-sided p value < 0.05 considered statistically
significant throughout.

3. Results
3.1. Patient Cohort and Baseline Clinicopathologic Characteristics

A total of 70 patients with pathologically confirmed primary osteosarcoma were
enrolled in this study (Table 1, Figure 1). The median age at diagnosis was 14.0 years
(interquartile range [IQR], 11.2–16.0 years), consistent with the well-established peak
incidence of osteosarcoma in children and adolescents, supporting the representativeness
of the present cohort. Males accounted for 54.3% (38/70) of all cases. Primary tumor
sites were predominantly located in the femur (62.9%) and tibia (18.6%), followed by the
humerus (17.1%), reflecting the characteristic anatomical predilection of osteosarcoma for
the long bones of the extremities. The overwhelming majority of cases were classified
as conventional osteosarcoma (68/70, 97.1%), with only a small minority representing
other histologic subtypes, including one telangiectatic osteosarcoma and one parosteal
osteosarcoma. With respect to treatment, all patients with available therapeutic data
received standard neoadjuvant chemotherapy followed by surgical resection; subsequently,
15 patients (21.7%) received targeted therapy and 17 (24.6%) received immunotherapy based
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on postoperative pathologic and clinical assessments. Tumor tissue specimens obtained via
biopsy or surgical resection were subjected to transcriptomic profiling by RNA sequencing.
The median follow-up duration was 22.1 months (IQR, 17.0–28.5 months).

Table 1. Baseline clinicopathologic characteristics of the PKUPH-OS cohort and comparison among
age groups.

Characteristic All Patients Pediatric
(≤14 y)

Adolescent
(15–18 y) Adult (≥19 y) p Value

No. of patients 70 37 22 11
Age, years, median
(IQR) 14.0 (11.2–16.0) 12.0 (9.0–13.0) 15.5 (15.0–16.0) 24.0 (20.5–32.0) <0.001

Sex, n (%) 0.76
Male 38 (54.3%) 20 (54.1%) 13 (59.1%) 5 (45.5%)
Female 32 (45.7%) 17 (45.9%) 9 (40.9%) 6 (54.5%)

Primary tumor site, n (%) 0.92
Femur 44 (62.9%) 24 (64.9%) 14 (63.6%) 6 (54.5%)
Tibia 13 (18.6%) 7 (18.9%) 4 (18.2%) 2 (18.2%)
Humerus 12 (17.1%) 5 (13.5%) 4 (18.2%) 3 (27.3%)
Fibula 1 (1.4%) 1 (2.7%) 0 (0.0%) 0 (0.0%)

Histologic subtype, n (%) 0.11
Conventional

osteosarcoma 68 (97.1%) 37 (100.0%) 20 (90.9%) 11 (100.0%)

Other subtypes 2 (2.9%) 0 (0.0%) 2 (9.1%) 0 (0.0%)
Chemotherapy, n (%) —

Yes 70 (100.0%) 37 (100.0%) 22 (100.0%) 11 (100.0%)
No 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)

Tumor necrosis rate (%),
median (IQR) 82.5 (56.8–95.2) 80.2 (63.9–94.9) 88.2 (62.6–96.0) 79.8 (6.5–93.9) 0.89

Targeted therapy, n (%) 0.87
Yes 15 (21.7%) 8 (21.6%) 4 (19.0%) 3 (27.3%)
No 54 (78.3%) 29 (78.4%) 17 (81.0%) 8 (72.7%)

Immunotherapy, n (%) 0.98
Yes 17 (24.6%) 9 (24.3%) 5 (23.8%) 3 (27.3%)
No 52 (75.4%) 28 (75.7%) 16 (76.2%) 8 (72.7%)

Continuous variables are presented as median (IQR) and were compared using the Kruskal–Wallis test. Categorical
variables are presented as n (%) and were compared using the χ2 test. Percentages are calculated among patients
with available data (missing values excluded).

To delineate the molecular boundaries across the age continuum, the study popula-
tion was systematically categorized into three developmental stages: pediatric (≤14 years;
n = 37), adolescent (15–18 years; n = 22), and adult (≥19 years; n = 11) [19,20]. While
chronological age expectedly diverged across these strata (Kruskal–Wallis test, p < 0.001),
the subgroups exhibited a high degree of phenotypic homogeneity regarding their core
clinicopathologic architecture. Specifically, no statistically significant disparities were ob-
served in sex distribution, primary tumor location, or treatment history, including the use
of neo-adjuvant chemotherapy and postoperative targeted/immunotherapy (all p > 0.05;
Table 1). Interestingly, both non-conventional subtypes (telangiectatic and parosteal) were
identified exclusively within the adolescent group (15–18 years). This suggests a higher
degree of histological heterogeneity within the adolescent population compared to the
pediatric and adult groups. However, no statistically significant difference was found
in the overall distribution of major pathological types among the three groups (p > 0.05).
This achieved statistical parity among baseline covariates is crucial, as it effectively decou-
ples chronological age from potential confounding clinical factors, thereby establishing a
rigorous analytical framework for isolating age-specific transcriptomic signatures.
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3.2. Age-Associated Transcriptomic Heterogeneity in Osteosarcoma

To delineate age-related transcriptional differences, pairwise differential gene expression
analyses were performed among the three age groups. Comparison between pediatric patients
and adults revealed 328 significantly differentially expressed genes (DEGs) (Figure 2A). In
contrast, markedly fewer DEGs were identified between pediatric patients and adolescents
(154 DEGs) and between adolescents and adults (162 DEGs) (Figure 2A), indicating that
transcriptomic profiles are more convergent between chronologically proximate age groups.
Unsupervised hierarchical clustering based on age-associated DEGs demonstrated that pe-
diatric samples formed a relatively cohesive cluster, whereas adolescent samples occupied
an intermediate position between the pediatric and adult clusters, with partial overlap with
either group (Figure 2B). This pattern highlights a “transitional” transcriptomic phenotype
along the age continuum rather than completely discrete molecular entities.

Functional annotation of the DEGs revealed distinct biological programs enriched
in each age stratum. In the pediatric group, genes associated with cell cycle progres-
sion and proliferation—including CDKN2A and CCNE1—were significantly upregulated
(Figure 2A). Correspondingly, Gene Set Enrichment Analysis (GSEA) of Gene Ontology
(GO) terms and Hallmark pathways demonstrated that the pediatric group was markedly
enriched for translational termination, E2F targets, and G2M checkpoint pathways
(Figure 2C,D), indicative of heightened proliferative activity and active anabolic metabolism.
Single-sample GSEA (ssGSEA) further quantified pathway-level activation, confirming
that pediatric samples exhibited the highest enrichment scores for mitotic checkpoint, cell
cycle core, DNA replication, and E2F target gene sets, followed by adolescents and adults
(Figure 3A). Collectively, these findings establish a hyperproliferative and metabolically
active transcriptional signature as a hallmark of pediatric osteosarcoma.

Adolescent osteosarcoma was characterized by prominent inflammatory and immune-
related transcriptional features. Differential expression analysis identified significant up-
regulation of immune-associated genes such as CCL4, CCL5, and IL32 in the adolescent
group. GO and Hallmark enrichment analyses revealed activation of B cell receptor sig-
naling, inflammatory response, and TNF-α signaling via NF-κB pathways (Figure 2C,D).
ssGSEA corroborated these findings, demonstrating that adolescents exhibited the highest
scores across immune- and inflammation-related gene sets compared with pediatric and
adult groups (Figure 3B). These observations suggest that adolescent osteosarcoma repre-
sents a biologically distinct phase at which immune and inflammatory programs are most
prominently engaged.

Adult osteosarcoma exhibited a transcriptional profile characterized by preferential acti-
vation of osteogenic differentiation programs. GO analysis revealed that genes specifically
upregulated in adults were enriched in osteoblast differentiation and bone matrix remod-
eling processes (Figure 2C). At the gene set level, ssGSEA demonstrated that adults had
the highest pathway activity scores for osteoblast differentiation and BMP/TGF-β signaling,
whereas pediatric and adolescent groups showed comparatively lower enrichment (Figure 3C).
Taken together, these results delineate an age-dependent transcriptomic trajectory: from a
hyperproliferative “pediatric-type” phenotype, through an immune/inflammatory-activated
adolescent intermediate state, toward an osteogenic differentiation-oriented adult phenotype.
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Figure 2. Age-stratified transcriptomic landscape reveals distinct molecular phenotypes across pe-
diatric, adolescent, and adult osteosarcoma. (A) Volcano plots showing differentially expressed
genes (DEGs) for the comparisons of Pediatric vs. Adolescent (left) and Pediatric vs. Adults (right).
Red dots indicate significantly upregulated genes, while blue dots indicate downregulated genes,
defined by |log2FC| > 0.58 and adjusted p < 0.05. (B) Hierarchical clustering heatmap of the
top 55 differentially expressed genes (DEGs) across all samples. Each column represents a pa-
tient sample, and rows represent individual genes, color-coded by Z-score normalized expression.
(C) Gene Ontology (GO) enrichment analysis showing the top 10 biological processes significantly
enriched in the pediatric group, with the X-axis representing the −log10(p-value). (D) Gene Set
Enrichment Analysis (GSEA) results highlighting distinct hallmark pathways. The top panels show
hyperproliferative pathways (e.g., E2F targets) in pediatric cases, while the lower panels show
immune and differentiation-related pathways enriched in adolescent and adult groups.
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Figure 3. Single-sample gene set enrichment analysis (ssGSEA) reveals age-dependent activation of
proliferative, immune, and osteogenic differentiation programs. (A) Boxplots comparing ssGSEA
scores for cell cycle-related pathways (Cell Cycle Core, DNA Replication, E2F Targets) across the three
age groups. The pediatric group shows significantly higher enrichment of these proliferation markers
(p < 0.05). (B) Comparison of enrichment scores for differentiation and metabolic pathways, including
Coagulation and Osteoblast Differentiation. (C) Comparison of signaling pathways, including TNF-α
signaling via NF-κB and BMP/TGF-β signaling. Each dot represents an individual sample; p-values
were calculated using the Kruskal–Wallis test.

3.3. Age-Dependent Differences in the Tumor Immune Microenvironment

To further characterize the immune landscape across age groups, we applied the
CIBERSORT algorithm to deconvolve the transcriptomic data and estimate immune cell
infiltration. A complex immune infiltrate comprising both innate and adaptive immune cell
populations was detected across all three age groups, including B cells (naïve, memory, and
plasma cells), multiple T cell subsets (CD8+ T cells, naïve CD4+ T cells), natural killer (NK)
cells, monocytes/macrophages (M0, M1, M2 polarization states), dendritic cells (resting
and activated), mast cells (resting and activated), eosinophils, and neutrophils (Figure 4A).

Quantitative comparison of the relative abundance of 22 immune cell subtypes across
age groups revealed that the adolescent group harbored a significantly higher proportion
of monocytes than the pediatric and adult groups (Kruskal–Wallis p = 0.05; Figure 4B).
Additionally, naïve B cells, resting NK cells, and resting dendritic cells showed trends
toward higher enrichment in the adolescent group (0.05 < p < 0.1). These immune cell
composition data further corroborate the observation that the adolescent osteosarcoma mi-
croenvironment is characterized by heightened immune–inflammatory activity relative to
the pediatric and adult groups, consistent with the transcriptome-level pathway activation
patterns described above.
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Figure 4. CIBERSORT-inferred immune cell composition reveals heightened immune activity in
adolescent osteosarcoma. (A) Stacked bar plot illustrating the relative proportions of 22 infiltrating
immune cell types in each patient sample, categorized by age group. (B) Detailed comparison of
specific immune cell infiltration scores between pediatric, adolescent, and adult patients. p-values are
indicated above each plot. Abbreviations for immune cells: B_naive, naïve B cells; B_memory, memory
B cells; Plasma, plasma cells; CD8_T, CD8+ T cells; CD4_naive, naïve CD4+ T cells; CD4_memory_rest,
resting memory CD4+ T cells; CD4_memory_act, activated memory CD4+ T cells; Tfh, T follicular
helper cells; Treg, regulatory T cells; NK_rest, resting natural killer cells; NK_act, activated natural
killer cells; Monocytes, monocytes; Macro M0/M1/M2, M0/M1/M2 macrophages; DC_rest/act,
resting/activated dendritic cells; Mast_rest/act, resting/activated mast cells; Eosinophils, eosinophils;
Neutrophils, neutrophils.

3.4. A Pediatric-Specific 10-Gene Transcriptional Signature Stratifies Prognosis

Building on the observation that pediatric osteosarcoma exhibits a distinct hyperpro-
liferative transcriptomic phenotype, we sought to develop and validate a pediatric-specific
transcriptional signature with prognostic utility. A panel of 10 genes associated with cell
proliferation and metabolism—MT1G, CTXN1, CENPV, CDCA7, HPDL, BNIP3, SIGMAR1,
UCHL1, NPW, and TAC3—was derived from genes significantly upregulated in the pedi-
atric group relative to adolescents and adults. A composite gene set score was calculated
for each sample. As anticipated, this score demonstrated a significant stepwise decline
with increasing age (Figure 5A), confirming its validity as a molecular surrogate for the
pediatric transcriptional phenotype.
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Figure 5. A pediatric-specific 10-gene transcriptional signature stratifies prognosis in the PKUPH-OS
cohort. (A) Distribution of risk scores calculated by the 10-gene signature across the age groups.
Pediatric patients exhibit significantly higher risk scores compared to adolescent and adult pa-
tients (p < 0.001). (B) Heatmap showing the expression of the 10 signature genes (MT1G, CTXN1,
CENPV, CDCA7, UCHL1, HPDL, BNIP3, SIGMAR1, NPW, TAC3) in high-risk vs. low-risk groups.
(C) Kaplan–Meier curve for overall survival (OS) in the discovery cohort. Patients are stratified
into high-risk and low-risk groups based on the median risk score. Hazard ratio (HR) and log-rank
p-value are shown. (D) Kaplan–Meier curve for progression-free survival (PFS) in the discovery
cohort, demonstrating the prognostic utility of the signature in predicting tumor progression.

Patients were stratified into high- and low-score groups based on the median signature
score (n = 35 each; Figure 5B). The high-score group was significantly younger at diagnosis
compared with the low-score group (median age 13.0 [IQR 9.5–15.0] vs. 15.0 [IQR 13.0–17.0]
years; p = 0.01; Table 2). No significant differences were observed between groups with respect
to other baseline clinicopathologic characteristics, including sex, primary tumor site, histologic
subtype, use of chemotherapy, targeted therapy, immunotherapy, and tumor necrosis rate
(all p > 0.05). This indicates that the 10-gene signature captures a biological dimension that is
only partially overlapping with chronological age and is largely independent of conventional
clinical factors.

Survival analysis demonstrated marked prognostic discrimination by the 10-gene
signature. After a median follow-up of 22.1 months, Kaplan–Meier analyses revealed that
the high-score group experienced significantly inferior overall survival (OS) (unadjusted
HR = 5.6, 95% CI: 1.2–26.2; log-rank p = 0.01; Figure 5C) and progression-free survival
(PFS) (unadjusted HR = 2.1, 95% CI: 1.1–4.2; log-rank p = 0.03; Figure 5D) compared with
the low-score group. These results indicate that a transcriptional program characteristic
of pediatric tumors is paradoxically associated with adverse prognosis within a clinically
heterogeneous osteosarcoma cohort.
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Table 2. Association between pediatric gene-set risk score (high vs. low) and clinicopathologic
characteristics in the PKUPH-OS cohort.

Variable High-Risk Group (n = 35) Low-Risk Group (n = 35) p-Value

Age, years, median (IQR) 13.0 (9.5–15.0) 15.0 (13.0–17.0) 0.01
Age group, n (%) 0.08

Pediatric (≤14 y) 23 (65.7%) 14 (40.0%)
Adolescent (15–18 y) 9 (25.7%) 13 (37.1%)
Adult (≥19 y) 3 (8.6%) 8 (22.9%)

Sex, n (%) 0.47
Male 21 (60.0%) 17 (48.6%)
Female 14 (40.0%) 18 (51.4%)

Primary site, n (%) 0.08
Femur 18 (51.4%) 26 (74.3%)
Others 17 (48.6%) 9 (25.7%)

Pathologic subtype, n (%) 1.00
Conventional 34 (97.1%) 34 (97.1%)
Others 1 (2.9%) 1 (2.9%)

Chemotherapy, n (%) 1.00
No 0 (0.0%) 0 (0.0%)
Yes 35 (100.0%) 34 (100.0%)

Targeted therapy, n (%) 1.00
No 27 (77.1%) 27 (79.4%)
Yes 8 (22.9%) 7 (20.6%)

Immunotherapy, n (%) 1.00
No 26 (74.3%) 26 (76.5%)
Yes 9 (25.7%) 8 (23.5%)

Tumor necrosis rate (%), median (IQR) 82.9 (51.3–96.6) 71.4 (62.6–92.4) 0.44

To assess the external validity and generalizability of the pediatric transcriptional
signature, we evaluated its performance in the independent TARGET-OS cohort, which
comprises transcriptomic data from 87 patients with primary osteosarcoma. Consistent
with findings in the discovery cohort, the signature score in the TARGET-OS cohort exhib-
ited a significant stepwise decline with increasing age (Figure 6A), reinforcing its reliability
as a marker of the pediatric osteosarcoma phenotype. Upon stratification by the median
score (Figure 6B), Kaplan–Meier analysis revealed that the high-score group demonstrated
inferior OS (unadjusted HR = 1.8, 95% CI: 0.9–4.0; log-rank p = 0.08) and PFS (unadjusted
HR = 1.6, 95% CI: 0.8–3.0; log-rank p = 0.09; Figure 6C,D). Although borderline statistical
significance was observed—likely attributable to sample size limitations—the direction
and magnitude of the effect were concordant with those in the PKUPH-OS cohort, support-
ing the cross-cohort reproducibility and potential clinical utility of this pediatric-specific
transcriptional signature.
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Figure 6. External validation of the pediatric-specific 10-gene transcriptional signature in the TARGET-
OS cohort. (A) Boxplot showing the validation of the 10-gene risk score distribution in the inde-
pendent cohort, confirming the high-risk profile associated with pediatric status. (B) Heatmap of
signature gene expression in the validation cohort, demonstrating consistent expression patterns
with the discovery set. (C) Kaplan–Meier analysis of overall survival (OS) in the validation cohort.
(D) Kaplan–Meier analysis of progression-free survival (PFS) in the validation cohort.

4. Discussion
The present study provides a systematic transcriptomic characterization of osteosar-

coma across three distinct age strata, addressing a critical gap in our understanding of the
molecular heterogeneity underlying this malignancy’s striking bimodal clinical distribu-
tion. By analyzing 70 clinical specimens stratified into pediatric (≤14 years), adolescent
(15–18 years), and adult (≥19 years) cohorts, we identified three biologically distinct molec-
ular phenotypes: a hyperproliferative program in pediatric cases, a unique transition
toward an immune–inflammatory signature in adolescents, and a shift toward osteogenic
differentiation pathways in adults. Furthermore, our 10-gene prognostic signature demon-
strated a stepwise expression decline with increasing age and was associated with inferior
prognosis across cohorts, highlighting its potential as a clinically actionable tool for risk
stratification. These findings reinforce the notion that chronological age is not merely a
demographic variable but a fundamental determinant of the osteosarcoma transcriptomic
landscape, necessitating age-adapted strategies in both biological research and precision
clinical management.

A central finding of our study is that pediatric osteosarcoma exhibits extreme hyper-
proliferation coupled with relative immune suppression, displaying the highest enrichment
for E2F targets, G2M checkpoint, and DNA replication pathways, while showing lower
immune activation signatures than adolescent counterparts. We posit that this molecular
phenotype is intrinsically linked to the physiological context of the pediatric skeleton,
specifically the peak activity of the epiphyseal growth plate during late childhood. The
intense longitudinal bone growth and rapid cell turnover characteristic of this develop-
mental stage likely act as a catalyst for the accumulation of the genomic aberrations we
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observed, such as MYC and CCNE1 amplifications and homologous recombination defi-
ciency (HRD) [7,11]. Our findings align with the paradigm that MYC-driven metabolic
competition and CCNE1-induced replication stress not only fuel cellular proliferation [29]
but also promote an immunologically “cold” microenvironment through the suppres-
sion of antigen presentation and the upregulation of inhibitory signals like PD-L1 [30,31].
Multiple studies have characterized osteosarcoma as immunologically “cold” with M2-
polarized macrophages and limited T cell infiltration, with high copy number variation
(CNV)/genomic instability tumors—features enriched in pediatric cases—exhibiting the
most immunosuppressive microenvironments [14,17,32,33]. From a clinical perspective,
this hyperproliferative program, coupled with an HRD background, provides a strong bio-
logical rationale for exploring therapeutic combinations of PARP inhibitors and cell-cycle
checkpoint inhibitors specifically in pediatric cohorts [34,35]. Furthermore, the enrichment
of VEG-FA-related signaling in these cases suggests that anti-angiogenic agents could be
leveraged to potentially convert this immunosuppressive “cold” microenvironment [36,37],
offering a more tailored precision strategy for children with aggressive disease.

In contrast to pediatric tumors, adolescent osteosarcoma displayed a distinct immune–
inflammatory transcriptional profile. Our analyses revealed that adolescent tumors ex-
hibited maximal enrichment for inflammatory response, TNFα–NF-κB signaling, and B
cell receptor pathways, accompanied by significant upregulation of immune-related genes
including CCL4, CCL5, and IL32. This “intermediate” molecular phenotype appears to
be shaped by the unique physiological milieu of the peri-pubertal period. The systemic
surge in growth hormone (GH) and insulin-like growth factor 1 (IGF-1), alongside rising
levels of sex hormones (estrogen and testosterone) during adolescence [38], establishes a
dynamic environment that likely modulates the intratumoral immune landscape [39,40].
Accumulating evidence indicates that the GH/IGF-1 axis can enhance the production of
pro-inflammatory cytokines, while sex hormones are known to influence the maturation of
the immune system [41]. These physiological factors align with the significant enrichment
of monocyte and B cell signatures observed in the adolescent cohort in this study. Further-
more, the transition from rapid longitudinal growth to bone remodeling and consolidation
during late adolescence may provide a more “permissive” microenvironment for immune
cell infiltration, contrasting with the extreme hyperproliferative state that dominates the
pediatric skeleton. Consequently, adolescent osteosarcoma occupies a distinct biological
window where developmental and hormonal cues facilitate heightened immune engage-
ment. From a therapeutic perspective, this relatively elevated immune activity provides
a rationale for exploring immunotherapy or immunochemotherapy combinations specifi-
cally in the adolescent population, as this group may exhibit differential responsiveness
compared to the immunologically “colder” pediatric subgroup.

The pediatric-specific 10-gene transcriptional signature (MT1G, CTXN1, CENPV,
CDCA7, HPDL, BNIP3, SIGMAR1, UCHL1, NPW, TAC3) captures a program enriched
for cell proliferation and metabolic reprogramming, with constituent genes linked to
MYC-driven transcription (CDCA7), chromosome segregation (CENPV) [42], and hypoxia-
responsive autophagy (BNIP3) [43]. Notably, while the signature score decreases stepwise
with advancing age—consistent with its derivation from pediatric-upregulated genes—
higher scores predict significantly inferior overall survival and progression-free survival,
indicating that this hyperproliferative program confers aggressive tumor biology across
all age groups. This finding resonates with reports linking MYC amplification and HRD
phenotypes in pediatric osteosarcoma to poor prognosis [30,44]. External validation in the
TARGET-OS cohort demonstrated the expected age-dependent score decline and showed
concordant trends toward inferior survival outcomes; although formal statistical signif-
icance was not achieved—likely due to sample size limitations—the consistent effect di-
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rection across independent datasets supports reproducibility. Consequently, the signature
currently serves as a hypothesis-generating tool rather than a definitive clinical classifier. Its
potential clinical utility may lie in its future integration into multi-dimensional risk models
that combine transcriptomic data with genomic and epigenomic features. Such models
could eventually assist in identifying high-risk candidates for treatment intensification or
for early-phase trials of targeted agents addressing MYC-driven biology or homologous
recombination deficiency (HRD) [31,45].

Several limitations of this study merit acknowledgment. First, although the total
cohort size is representative of this rare pathology, the sample size, particularly for the
adult subgroup (n = 11), remains limited. Consequently, the findings in the adult group
should be interpreted as preliminary and require validation in larger, multi-institutional
cohorts. Second, while the 10-gene signature demonstrated a consistent directional trend
in the external TARGET-OS cohort, it did not achieve formal statistical significance. As
previously discussed, this likely stems from differences in cohort composition and sample
size, reinforcing the need for broader prospective validation. Third, the current study
is primarily descriptive and cross-sectional in nature. While we have provided biologi-
cal rationales based on hormonal and developmental contexts, we lack direct functional
validation through patient-derived organoids or xenograft models. Future research utiliz-
ing targeted gene perturbation is necessary to establish causal relationships between the
identified signatures and aggressive phenotypes.

5. Conclusions
This study provides a comprehensive transcriptomic framework demonstrating that

pediatric, adolescent, and adult osteosarcoma represent biologically distinct disease entities
rather than a uniform malignancy. We identified age-specific molecular phenotypes—
hyperproliferative programs in pediatric tumors, immune–inflammatory activation in
adolescent tumors, and osteogenic differentiation in adult tumors—that may underlie
the recognized clinical heterogeneity across age groups. The pediatric-specific 10-gene
signature showed significant prognostic associations in the discovery cohort and concordant
trends in external validation, though further confirmation in larger cohorts is warranted
before clinical application. These findings support the concept of age-adapted therapeutic
strategies and provide a foundation for developing more refined, biologically informed
risk stratification approaches in osteosarcoma.
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