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Abstract

Osteosarcoma (OSA) is a primary bone malignancy characterized by its aggressive nature and high propensity for metas-
tasis. Despite advancements in multimodal therapies, the clinical outcomes for OSA patients remain suboptimal, neces-
sitating deeper molecular insights for improved therapeutic strategies. Here, we employed single-cell RNA sequencing
(scRNA-seq) to elucidate the cellular heterogeneity and transcriptional dynamics of OSA tumors. Our study identified
eleven distinct tumor cell subpopulations, including osteoblastic, chondroblastic, and myeloid lineages, each exhibiting
unique transcriptional profiles associated with disease progression and metastasis. Epithelial-mesenchymal transition
(EMT) emerged as a critical process driving aggressive phenotypes, supported by gene set enrichment analyses (GSVA)
and transcription factor regulatory network analyses. Integration of copy number variation (CNV) data highlighted
genomic alterations in osteoblastic and chondroblastic cells, implicating potential therapeutic targets. Furthermore,
immune cell infiltration analyses revealed distinct immune profiles across OSA subtypes, correlating with tumor muta-
tional burden (TMB) and clinical outcomes. Our findings underscore the complexity of OSA biology and provide a foun-
dation for developing personalized treatment strategies targeting tumor heterogeneity and immune interactions.

Keywords Osteosarcoma - Single-cell analysis - Heterogeneity - Epithelial-mesenchymal transition - Personalized
medicine

1 Introduction

Osteosarcoma, the most common primary bone malignancy, predominantly affects adolescents and young adults, pre-
senting a unique challenge in oncology due to its aggressive nature and high potential for metastasis [1-3]. Despite
advancements in multimodal therapies, including surgery and chemotherapy, the prognosis for osteosarcoma patients,
especially those with metastatic or recurrent disease, remains dismal [4, 5]. The five-year survival rate for non-metastatic
osteosarcoma patients has plateaued at approximately 60-70%, with significantly poorer outcomes for those with meta-
static disease. This stagnation in therapeutic advancements highlights the pressing need for innovative treatment strate-
gies and deeper molecular insights into the pathogenesis of osteosarcoma [6, 7].
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The pathogenesis of OSA involves a complex interplay of genetic mutations, epigenetic alterations, and interac-
tions within the tumor microenvironment (TME) [7, 8]. Originating from primitive bone-forming mesenchymal cells,
OSA disrupts normal bone architecture and function, leading to debilitating consequences for patients [9, 10]. Current
diagnostic and prognostic strategies, largely reliant on histopathological features and clinical staging systems, often fall
short in accurately predicting individual patient outcomes [11-13]. Thus, there is a critical demand for molecular profil-
ing approaches that can discern the heterogeneous nature of OSA tumors and tailor treatment strategies accordingly.

The rationale for undertaking this study is rooted in several pivotal gaps in current OSA research and clinical man-
agement. Firstly, while significant strides have been made in unraveling the genomic and transcriptomic landscapes of
OSA, comprehensive studies integrating single-cell resolution analyses and multi-omics data remain sparse [14-16].
Such integrative approaches are essential for deciphering the heterogeneity of OSA, identifying rare cell populations,
and elucidating the genomic drivers of treatment resistance. Secondly, the phenomenon of epithelial-mesenchymal
transition (EMT), implicated in promoting invasion, metastasis, and therapeutic resistance in various cancers, including
OSA, remains incompletely understood [17-19]. Exploring the role of EMT and its functional implications across different
OSA subtypes could provide critical insights into disease progression and inform targeted therapies.

Furthermore, the advent of single-cell technologies offers unprecedented opportunities to dissect cellular heterogene-
ity and clonal evolution within OSA tumors. By employing advanced computational tools and bioinformatics analyses,
this study aims to characterize distinct tumor cell populations, unravel their transcriptional dynamics, and identify novel
therapeutic vulnerabilities [20-22]. Integration of single-cell RNA sequencing (scRNA-seq) with copy number variation
(CNV) analyses will allow mapping of genomic alterations associated with aggressive OSA phenotypes and metastatic
potential [23, 24].

The overarching objectives of this study are to comprehensively delineate the cellular and molecular landscapes of OSA
and to translate these insights into improved clinical outcomes. By characterizing tumor cell heterogeneity, investigating
EMT dynamics, elucidating transcriptional regulatory networks, developing prognostic models, and exploring interactions
within the immune microenvironment, this research aims to pave the way for precision medicine approaches in OSA.
Ultimately, the findings are anticipated to contribute to the development of novel biomarkers for patient stratification,
the discovery of targeted therapies, and the optimization of treatment strategies to enhance survival rates and quality
of life for individuals affected by OSA.

2 Methods
2.1 Acquisition and processing of transcriptome data

RNA expression profiles and corresponding clinical data of osteosarcoma were obtained from the TARGET database (n
= 85). Data were transformed to TPM format and log2 transformed for subsequent analyses.

2.2 Acquisition and processing of scRNA-seq data

Single-cell dataset was retrieved from the GEO database (GSE152048), comprising 9 primary tumor samples (includ-
ing 2 metastatic and 7 non-metastatic samples). R software (version 4.1.3) was used for analysis with Seurat package.
Cell quality control criteria included <20% mitochondrial content, <3% erythrocyte content, and UMI and gene count
thresholds of 200-50000 and 200-7000, respectively. Data normalization, selection of highly variable genes (2000), and
cell cycle effect removal (parameters: vars.to.regress = c("S.Score", "G2M.Score")) were performed using NormalizeData,
FindVariableFeatures, and ScaleData functions in Seurat. Batch effects were adjusted using harmony. Dimensionality
reduction (UMAP, tSNE) and clustering (Louvain) were conducted using Seurat’s methods. Differential gene expression
analysis between clusters or cell types was performed using FindAllMarkers function with parameters: pvalue < 0.05,
log2FC > 0.25, and expression in >10% of cells.

2.3 Acquisition of EMT-related genes

EMT-related genes were obtained from the Msigdb database under the HALLMARK_EPITHELIAL_MESENCHYMAL _
TRANSITION category (gsea-msigdb.org).
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2.4 Cell annotation analysis

Cell annotation was based on markers: osteoblastic cells (COL1A1, CDH11, RUNX2), proliferating osteoblastic cells
(TOP2, PCNA, MKI67), chondroblastic cells (ACAN, COL2A1, SOX9), osteoclastic cells (CTSK, MMP9), TILs (IL7R, CD3D,
NKG7), myeloid cells (CD74, CD14, FCGR3A), fibroblasts (COL1A1, LUM, DCN), pericytes (ACTA2, RGS5), MSCs (CXCL12,

SFRP2, MME), myoblasts (MYLPF, MYL1), endothelial cells (PECAM1, VWF). Visualization included tSNE plots and violin
plots of cell markers.

2.5 Single-cell CNV analysis

InferCNV software was used with endothelial cells as reference to analyze CNV profiles across cell subgroups, focus-
ing on identification of malignant cells and CNV score assessment.

2.6 Single-cell pseudotime analysis

Monocle2 software was employed for pseudotime analysis of tumor cell subgroups, using DDRTree for dimensional-
ity reduction and default parameters to infer cellular differentiation trajectories.

2.7 Single-cell transcription factor analysis

SCENIC software was used to analyze transcription factors in tumor cell subgroups, employing RcisTarget and GRN-
Boost databases for motif discovery and analysis of requlons’ activity across cell types using AUCell.

2.8 Cell communication analysis

CellChat package was utilized to assess potential cell-cell communication networks. Normalized gene expression
matrices were processed using identifyOverExpressedGenes, identifyOverExpressedinteraction, and ProjectData
functions with default parameters, followed by computeCommunProb, filterCommunication, and computeCom-

munProbPathway functions to determine ligand-receptor interactions and generate communication networks with
aggregateNet function.

2.9 Calculation of EMT signature score

EMT-related genes were used to compute signature scores across single-cell data using gsva and ssGSEA algorithms
from the GSVA package.

2.10 Immune infiltration analysis

IOBR package was used to evaluate immune infiltration levels in high-risk groups of patients using ESTIMATE, CIB-
ERSORT, and xCell algorithms.

2.11 Gene enrichment analysis

clusterProfiler package was employed for enrichment analysis using KEGG and GO databases. Enriched functions
were visualized using ggplot2 package after BH correction with p < 0.05.
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2.12 Comparison of genomic variability landscapes between two groups

Maftools package was used to compare mutation profiles between two groups, assessing differences in TMB and its correla-
tion with risk scores, and integrating TMB into survival analysis.

2.13 LASSO-Cox prognostic model establishment based on CO tumor cells’ markers

Marker genes from CO tumor cells (highest EMT score) were used for univariate Cox analysis to identify survival-associated
genes (p < 0.05). LASSO+Cox regression analysis was then performed using glmnet package. Model accuracy was evaluated
with timeROC package for 1, 3, and 5-year AUC values.

2.14 Statistical analysis

All data processing, statistical analyses, and plotting were conducted in R 4.1.3 software. Pearson correlation coefficient
was used to assess correlation between continuous variables. Chi-square test was employed for categorical variables, while
Wilcoxon rank-sum test or t-test was used for continuous variables. survival package was used for Cox regression and Kaplan-
Meier analysis.

3 Results
3.1 Single-cell expression atlas of OSA

We conducted a series of analyses including quality control and dimensionality reduction on single-cell data, resulting in
a total of 99,732 cells. Using classical cell type markers, we classified the cells into 11 major categories: Osteoblastic, Osteo-
blastic_proli, Chondroblastic, Osteoclastic, TIL (Tumor-Infiltrating Lymphocytes), Myoblast, Myeloid, Fibroblast, Pericyte, MSC
(Mesenchymal Stem Cell), and Endothelial, as shown in Fig. 1A. Subsequently, we illustrated the distribution of cell types
among patients (Fig. 1B) and presented the expression profiles of marker genes for each cell type to verify classification
accuracy (Fig. 1C).

3.2 CNV analysis of single cells

Using inferCNV software with endothelial cells as a reference, we assessed the CNV profiles of various cells (Fig. 2). Significant
CNV variations were observed particularly in Osteoblastic and Chondroblastic cells.

3.3 Subdlassification analysis of tumor cells

We isolated tumor cells (mainly comprising Osteoblastic and Chondroblastic cells) for re-clustering analysis, resulting in
6 clusters. Each cluster was characterized by specific marker genes: CO Osteoblastic COL3A1+, C1 Osteoblastic SPP1+, C2
Osteoblastic MEPE+, C3 Chondroblastic COL2A1+, C4 Osteoblastic FGFBP2+, and C5 Osteoblastic TAC3+. We analyzed the
distribution of these clusters among patients, metastatic status, and cell cycle phases (Fig. 3A-F). Subsequently, we evaluated
the proportions of clusters in relation to metastasis and cell cycle phases (Fig. 3G-I), followed by comparing CNV scores, UMI
counts, G2M scores, and S scores across clusters, metastatic status, and cell cycle phases (Fig. 3J-M).

3.4 Cell communication analysis

Figure 4A illustrates the communication from tumor cells to fibroblasts, while Fig. 4B shows communication from fibro-
blasts to tumor cells. Corresponding bubble plots depict specific receptor interactions (Fig. 4C, D).

3.5 CytoTRACE and cell trajectory analysis

Using CytoTRACE, we assessed the differentiation degree of tumor cell subtypes, with C5 showing the highest and CO,
C1 the lowest differentiation levels (Fig. 5A, B). Subsequently, using monocle software, we performed cell trajectory
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Fig. 1 Single-cell classification of osteosarcoma (OSA). A t-SNE plot showing the clustering of single cells based on their transcriptomic pro-
files into 11 major cell types. B Bar chart depicting the composition of cell types across different patients. C Bubble plot illustrating the
expression levels of marker genes for each identified cell type to confirm classification accuracy

analysis, revealing C5 at the pseudotime origin and C0, C1 at the endpoint, indicating higher differentiation levels
for CO and C1 (Fig. 5C-G). We presented the marker gene expression profiles of each tumor cell cluster and their
expression patterns over pseudotime (Fig. 5H, I).

3.6 Exploration of EMT functional scores in various tumor cell subtypes

We employed GSVA and ssGSEA algorithms to calculate EMT scores across tumor cell data. Results were consistent,
showing CO with the highest score and significant differences compared to other subtypes (Fig. 6A-D). We identified
differential genes between CO and other subtypes and performed enrichment analyses (KEGG, GO) revealing asso-

ciations with functions such as extracellular matrix organization (Fig. 6E, F). Subsequently, we explored differential
patterns in the Hallmark gene set (Fig. 6G, H).

3.7 Transcription factor analysis

By computing CSI matrices for various transcription factors and applying clustering algorithms, we categorized
them into three classes (M1, M2, M3). We illustrated representative transcription factors, their associated motifs, and
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Fig.2 CNV analysis of single cells. CNV heatmap derived using inferCNV software, with endothelial cells as a reference, displaying significant
CNV alterations in osteoblastic and chondroblastic cells

relevant cell types (Fig. 7A). Next, we calculated RSS scores for each transcription factor across tumor cell subtypes
and visualized these scores (Fig. 7B).

3.8 Construction of prognostic model using markers of CO tumor cells

Using marker genes of CO tumor cells (highest EMT score), we conducted single-factor Cox analysis to identify genes
significantly associated with prognosis (p < 0.01, Fig. 8A). We established a prognostic model using LASSO+Cox algo-
rithms (Fig. 8B) and displayed the coefficients of each gene in the model (Fig. 8C) along with their corresponding
expression levels (Fig. 8D). Subsequently, survival analysis results and timeROC outcomes were presented (Fig. 8E,
F). Figure 8G illustrates survival analysis results for each prognostic gene.
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3.9 Immune infiltration and TMB analysis

We depicted expression levels of prognostic genes in OSA and heatmap predictions of immune infiltration levels using
ESTIMATE, CIBERSORT, and Xcell algorithms (Fig. 9A). We calculated risk scores, assessed correlations between prognostic
genes and immune checkpoint genes, and examined differences in immune checkpoint genes between two groups
(Fig. 9B, C). We then presented bar and box plots of immune cell proportions predicted by CIBERSORT and their correla-
tions (Fig. 9D, E). Further analysis explored differences in TMB between groups, correlations between TMB and risk scores,
and associations with prognosis (Fig. 9H-J).

4 Discussion

The comprehensive characterization of osteosarcoma (OSA) in this study provides valuable insights into the molecular
and cellular mechanisms underlying tumor progression, metastasis, and therapeutic resistance. By integrating advanced
genomic technologies and computational analyses, we aimed to address key gaps in current understanding and con-
tribute to the development of targeted therapeutic strategies. This discussion explores the implications of our findings
in relation to existing literature, highlights novel insights uncovered, and outlines future directions for research and
clinical applications.

Our study utilized single-cell RNA sequencing (scRNA-seq) to dissect the heterogeneity of OSA tumors at unprec-
edented resolution. We identified distinct tumor cell subpopulations, characterized their transcriptional profiles, and
delineated their roles in disease progression. This approach revealed previously unrecognized cellular states and rare
cell populations within OSA, shedding light on potential drivers of treatment resistance and metastasis. These findings
align with recent studies emphasizing the importance of tumor cell heterogeneity in influencing clinical outcomes and
therapeutic responses [25].

One of the notable discoveries from our study is the role of epithelial-mesenchymal transition (EMT) in OSA pathogen-
esis. By employing gene set enrichment analyses (GSVA) and single-sample gene set enrichment analysis (ssGSEA), we
demonstrated that high EMT scores correlate with aggressive tumor phenotypes and poor prognosis. This observation
is consistent with findings in other cancer types, where EMT promotes invasion, metastasis, and resistance to therapy
[26]. Our study extends this understanding to OSA, suggesting that targeting EMT pathways may represent a promising
therapeutic strategy to mitigate disease progression and improve patient outcomes.

In addition to characterizing tumor cell heterogeneity, our study investigated the transcriptional regulatory networks
governing OSA subtypes. Through computational analyses of transcription factor activity profiles, we identified key
regulators associated with aggressive tumor phenotypes. This approach not only provides insights into the molecu-
lar underpinnings of OSA but also offers potential biomarkers for patient stratification and personalized treatment
approaches. Similar studies have highlighted the significance of transcriptional dysregulation in cancer progression and
its implications for therapeutic interventions [27].
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Fig.3 Subtyping analysis of tumor cells. A-C t-SNE plots of tumor cells showing the distribution of each clustering cluster across patients,
metastatic status, and cell cycle phases. D-H Bar graphs illustrating the proportions of each clustering cluster across patients, metastatic
status, and cell cycle phases. | Ratio of observed to expected cell numbers (Ro/e) for each tumor cell subtype to assess tissue preference.
J-MViolin plots and t-SNE overlays showing differences in CNV scores, nCount_RNA, G2M.Score, and S.Score across clustering clusters, met-
astatic status, and cell cycle phases

Furthermore, our findings underscore the complex interplay between OSA tumors and the immune microenviron-
ment. Analysis of immune cell infiltration patterns using algorithms such as ESTIMATE and CIBERSORT revealed distinct
immune profiles associated with OSA subtypes. We observed correlations between immune cell signatures, tumor muta-
tional burden (TMB), and patient outcomes, suggesting potential immunotherapeutic targets. These findings align with
emerging evidence advocating forimmune checkpoint inhibitors and adoptive cell therapies as promising avenues for
treating refractory OSA [28].

Comparatively, our study contributes to the field by integrating multi-omics data to provide a holistic view of OSA
biology. By correlating genomic alterations with clinical phenotypes, we identified candidate biomarkers predictive
of treatment response and prognosis. These insights are crucial for advancing precision medicine approaches in OSA,
where current treatment modalities often yield suboptimal outcomes due to tumor heterogeneity and acquired resist-
ance mechanisms [29, 30].

Despite the advancements presented in this study, several limitations warrant consideration. First, while scRNA-seq
offers unparalleled resolution in characterizing tumor cell populations, the interpretation of rare cell states and their
functional significance requires further validation through experimental models and clinical cohorts. Secondly, the
cross-sectional nature of our study limits temporal insights into tumor evolution and treatment responses over time.
Longitudinal studies incorporating serial sampling could elucidate dynamic changes in tumor biology and therapeutic
resistance mechanisms. Looking ahead, future research directions should focus on translating these molecular insights
into clinical practice. Integration of multi-omics data with clinical outcomes data in large-scale prospective cohorts will
be essential for validating biomarkers and therapeutic targets identified in our study. Additionally, leveraging artificial
intelligence and machine learning algorithms could enhance predictive modeling and facilitate personalized treatment
strategies for OSA patients.

In conclusion, our study contributes to advancing the understanding of OSA biology and highlights opportunities
for precision medicine approaches. By unraveling the complexities of tumor heterogeneity, transcriptional regulation,
and immune interactions, we aim to pave the way for novel therapeutic interventions that improve patient outcomes
and ultimately achieve long-term disease control. Continued collaborative efforts between researchers, clinicians, and
industry partners will be crucial in translating these scientific discoveries into clinical innovations for the benefit of
patients with osteosarcoma worldwide.

@ Discover



Discover Oncology

(2024) 15:669

| https://doi.org/10.1007/s12672-024-01523-x

Analysis

A B
nCells 26266 nCells26266
el ope ident:
oot oo [l Bow
o Gl S Bcle
3 oot e
® G Chom ol
Ch et TR0 [ B
© CE Ol TACH 09 ey
By
Bes © CE Qi TN 09
e
J_,
SRET
o E
Now-met Mot
Mot
5% 5%
E 0% 0% i
[
2% 2%
o

© Chondric COLIALS

30% 1
D =
f
K
aComt_RSA
Sy W
.
Gamseore
iy
A e
X
e
"

SN2

e

"
o
i1 |
T [ OCmimecoini: |
o 1% 18%
P o [ | or
sz | .
e or. oo o o
CNVacore
B §
# ¢
s
W
$
aCount RNA nCount_RNA
ﬁ‘
i H
oo :
oo H
oo %o

aCl:26266

SNE2

Loype:
Enmkuuu
1 Ot PP

Qe TR

aCount_RNA

fan

Ro/e
35
coomemiccousnr |
25
C1 Osteoblastic SPP1+ 2
15

C2 Osteoblastic MEPE+ o5
C3 Chondroblastic COL2AI+
C4 Osteoblastic FGFBP2+

C5 Osteoblastic TAC3+

H

CNVscore

o

nCount_RNA
—
—f

SScore

ok COLSAL 15
ey

@ Discover



Analysis Discover Oncology

(2024) 15:669

| https://doi.org/10.1007/512672-024-01523-x

A

W FoFR1

C
PIN-SDC2
PTN-NCL
NCAM1 - FGFR1 L] L] L] L]
MDK - SDC2
Commun. Prob.
MDK - NCL
FGF7 - FGFR1 L] I
e
FGF18 - FGFR1 . prvalue
P
CD99 - CD99 . . ° . .
CADMI - CADMI ° .
APP-CD74
ANGPTL4 - SDC2 . .
9 > 5 5 N s
& & & = & &
& & & & & &
7 7 A A K 7
~ & & Qs o 2
N & & N & ¥
& & 5 & & &
S S & & & &
& & & & g &
S & I S S o
& K o & & o
Sl (9 o & o &
& o <&
&>

D TNC - SDC4
NC - SDCI

SPP1 - (ITGAVHTGBS)
SPP1 - (ITGAVHTGBI)
SPP1 - (ITGA4+ITGBI)
PTN - SDC4

PTN - SDC3

PTN - SDC2

PTN - SDCI

PTN - PTPRZ1

MDK — (ITGA6+ITGB1)
MDK - (ITGA4+ITGB1)
IBSP — (ITGAV+HITGBS)
RN — SORT1
FNI1-SDC4
FN1-SDC1
FN1-CD44

FN1 - (ITGAV+ITGBI1)
FNI = (ITGA4+ITGB1)
COL6A3 - SDC4

COL6A3 - CD4d

COL6A3 ~ (ITGATI+ITGBI)
COL6A3 - (ITGA10+ITGBI)
COL6A2 - SDC4

COL6A2 - SDC1

COLG6A2 - CD44

COL6A2 — (ITGATI+ITGBI)
COL6A2 — (ITGA10+ITGBI)
COL6A1 - SDC4.

COL6A1 - SDC1

COL6A1 - CD44

COL6A1 - (ITGA11+ITGBI)
COL6A1 - (ITGA10+ITGBI)
COLIA2 - SDC4

COL1A2 - SDC1

COL1A2 - CD44

COLIA2 - (ITGATI+ITGBI)
COLIA2 - (ITGA10+ITGBI)
COLIA1 -SDC4

COLIA1 - SDC1

COLIAI - CD44

COLIA1 - (ITGATI+ITGBI)
COLIAI - (ITGA10+ITGBI)
CDY9 - CD99

CADMI - CADM1

\goLroeLl

Cell State

[l CO Osteoblastic COL3A1+
[l C1 Osteoblastic SPP1+

Il C2 Osteoblastic MEPE+

M C3 Chondroblastic COL2A1+
[l C4 Osteoblastic FGFBP2+
[ C5 Osteoblastic TAC3+

I Fibroblast

(] pvalue

® pom

Commun. Prob.

Fig.4 Cell communication analysis. A Chord diagrams depicting ligand-receptor interactions between tumor cell subtypes and fibroblasts.
B Chord diagrams illustrating ligand-receptor interactions between fibroblasts and tumor cell subtypes. C, D Bubble plots displaying spe-
cific ligand-receptor pairs between tumor cell subtypes and fibroblasts

@ Discover



Discover Oncology (2024) 15:669

| https://doi.org/10.1007/s12672-024-01523-x

Analysis

Fig.5 CytoTRACE and cell
trajectory analysis. A, B
CytoTRACE scores evaluat-
ing stemness across tumor
cell subtypes and exploring
aspects of tumor cell subtype
differentiation. C-G Monocle
results displaying differentia-
tion trajectories of tumor cell
subtypes (CO, C1) compared
to others. H Along the pseu-
dotime trajectory, changes in
the expression of tumor cell
subtype markers (COL3A1,
SPP1, MEPE, COL2A1, FGFBP2,
TAC3) are observed. I A heat-
map based on pseudotime
trajectory analysis provides
the key indicators for each
tumor cell subtype

CytoTRACE

Phenotype

@ Discover



Analysis

Discover Oncology

(2024) 15:669

| https://doi.org/10.1007/512672-024-01523-x

GSVA €O Osteoblastic COL3A1+ c1 C
o ASNE_1 SNE_L SNE_L
LI ac ie COL2AT+ C C: ie TAC3+
o Ot GOl . " fg
o o o
i i e o
ssGSEA (€0 Osteoblastic COL3AT+ C1 Osteoblastic SPP1+ (€2 Osteoblastic MEPE+
cachmaossscounte | w R .
‘ ; ) . 2,
g g § "
! 5 Z &, Z £
05 Ostéoblastic TAGS+: . "
(C2 Osteoblastic | & e " d
o1 Dttt ST
- e b e
O ¢
: aa iccoLant+ 4 Osteabastic FGFBFL+ Cs Oscobasie TACH
0 Osteabiastc COLIATE €
h SNE_L h SNE_1 h SNE_L E SNE_L
F

KEGG enrichment barplot

0
tvalue of GSVA score, C0 versus Others.

GO enrichment barplot

Count

ONTOLOGY

Fig.6 Functional assessment of EMT in tumor cell subtypes. A, B Differential activity of EMT-related genes across tumor cell subtypes assessed using
GSVA. C, D Differential activity of EMT-related genes across tumor cell subtypes assessed using ssGSEA. E KEGG pathway enrichment analysis high-
lighting pathways enriched in CO tumor cells compared to other tumor cell subtypes. F GO enrichment analysis demonstrating functional differences
between CO tumor cells and other tumor cell subtypes. G GSVA enrichment analysis revealing pathway differences between CO tumor cells and other
tumor cell subtypes. H GSEA enrichment analysis depicting pathway differences between CO tumor cells and other tumor cell subtypes

@ Discover



Discover Oncology (2024) 15:669

| https://doi.org/10.1007/s12672-024-01523-x

Analysis

Helust.method: ward.D

Fig.7 Transcription factor A
analysis. A Classification of

tumor cell subtypes based

on Connectivity Specificity

Index (CSI) matrix, identifying MAFB (36)
regulatory modules, repre- T i
sentative transcription factors,

associated binding motifs, and
relevant tumor cell subtypes.
B Ranking of transcription
factors based on Regulatory
Specificity Score (RSS) across
tumor cell subtypes high-
lighted on t-SNE

>
o,
R
AN
PRSI ITARIIN S
R <5

TWISTI (66g)

2)
FOS (299)

S

% SCN TN
AR '”’e\@iv\
D}

I'ranscription factor Binding Motif

Cell Type

M1 TWIST1

,.CATQI g xx;;,ﬂ]l@

g MO T,
M.l

M3 mll ‘AIH
- Wl

T

SOX8

SOX9

C0 Osteoblastic COL3A1+
C1 Osteoblastic SPP1+

C2 Osteoblastic MEPE+

C2 Osteoblastic MEPE+

C3 Chondroblastic COL2A1+

C3 Chondroblastic COL2A1+

C4 Osteoblastic FGFBP2:

C5 Osteoblastic TAC3+

steoblastic 3Al1+
B €0 Osteoblastic COL3AL
STWISTT Geg) w0 €0 Osteoblastic COL3AL+| 40 Regulon: TWIST1 (66g)
MAFB (369) o7 v
94 20 20-
2 P 3
2 |sunqe HE g
2 IRF7 R79)
o4l
- -0 20
.
S * e
0.0 ® e
§ 10 15 —40- —40-
Rank BN T ) W
C1 Osteoblastic SPP1+ il
025{ o STWISTT (660) 4 0 Regulon: MAFB (36g)
MAFB (369) e off
020 MEF2C (14g)
o 20 20-
01
z IRX (24g) o o
g p 2
0.10- . - =
.
* .
0.05 c e -20: =20
ce
* e
000
] 10 15 - e
Rank BT ED 1] By [
tsnel
€2 Osteoblastic MEPE+ -
~TYIST! (669) w C2 Osteoblastic MEPE+ w
SPI1 (689) 3
0.06. MAFB (369)
0 0
o .
MEF2C (14g9 .
g .o . 9 2
Z . t o T
* e = . N
.. =
.o .
002
ce. - e =
.. S g
000 .
H 10 15 e =4
k& Rank 3 B ED [ E] o B [ Eg W
tsnel tsnel
€3 Chondroblastic COL2A1+
M=) © C3 Chondroblastic COL241] Regulon: SOX9 (48g)
SOX8 (339) s .
- 0 2 )
afit % . i
FOS{Z?Q) & % .
o1 - e -
JURB &6 % 2 e
- - -
00 . - Y
L -0 "
® ~40 =20 L 20 40 40 ] 20 40
tsnel tsnel
C4 Osteoblastic FGFBP2+
o100 w C4 Osteoblastic FGFBP2+ | 40 Regulon: MYODI1 (35g)
®MYOD1 (359) 0
007 0 ” -8
STAT1 (709) B - 5 . o »
% 00s0. RFY (379) g o] @ . ey % Rt ” ¥ . X
2} MAFBY36) 2 2 b ;,j& N e z ,_ - e
g o . / .
.. - ;
* . o » . H
oo, 8 8
cea., :
L) ~40- ~40-
s 10 15 -40 =20 o 20 40 -0 [ 20 40
Rank tsnel tsnel
€5 Osteoblastic TAC3+
w© €5 Osteoblastic TAC3+ w Regulon: ATF3 (25¢)
®ATF3 (250) o
sorel  eMsX1 (129) =
0 X 0
o
FOS (299)
00%0 R o 9 I
. F F
Z JUN 2dg) g B g " . -
028 o S
LY = =
.
.o
.
0.000 A I a0 -
T T 3 EN ED ] ) W EN W
Rank tsnel

@ Discover




Analysis Discover Oncology (2024) 15:669 | https://doi.org/10.1007/512672-024-01523-x

A B c
TUBAIA —— 1
[ COL5A2 °
TPMI —_—— L 04
! H
TAGLN —_— H - o
' £ 00
PMEPA1 —_— 2
' S
NPC2 —_— o4 DCN °
i P value )
LOXL1 —_—
H 3 i 5 6 A
GBP1 —— : 0.0075 inambds) ACTA2 .
DCN —— 0.0050 & 15 T T
| £ ' ' NPC2 °
CRIPL H . 00025 Z 110 1 |
! ' .
COL5A2 — g 0s ; . ACTB °
' H] ' .
CFH —— i ' ; H{H
: 3
ccr2 —_— 3 25 CFH{ ®
ACTB{ —e——v 1 g H
' -6 -2 GBPI{ ®
ACTA2 —— ln(lambda)
i 2 -02 0.0
Hazard ratio Coefficient
D E F
3 group
aroup I High 0 RiskType == High == Low
‘ | | CRIPI 2 Eow
1 1.00
COL5A2
| I ! 075 E 0.75
]
-1 ]
| ACTB 2
I o) % & 0.50
| ” | | ” e ? H H
Z 050 £ 025
g & p<0.0001
CFH H
= 0.00
0 3 6 S 12
| | | DpeN 02 Time(years)
ACTA2 g Numberatrisk
1:Years,AUC:O.84 i 42 13 6 1 0
3-Years, AUC=0.89 R B B ) 3 i
- 5-Years,AUC=0.90 ) i T m
000 Time(years)
000 025 050 075 100
False positive rate
G ACTA2 CFH ACTB
100 1.00 1.00
0.75 0.75 0.75
£ & £
H z 3
] s ]
H H H
2050 2050 2050
£ H H
£ £ £
] = ]
@ @ 7
0.25 025 0.25
P <0.00 p=0.0034 p<0.0001
0.00 0.00 0.00
0 3 6 9 2 0 3 6 9 12 [ 3 6 S [
Time(years) Time(years) Time(years)
NPC2 DCN CRIP1
1.00 1.00 100
0.75 0.75 0.75
£ £ £
Z i z
5 ] 5
2 2 £
E_u.sn 2050 2050
] = ]
2 2 2
|4 £ |4
] H] ]
& @ 7
025 0.25 0.25
p=0.0035 p<0.0 p<0.0001
0.00 0.00 0.00
] 3 6 5 [ ] 3 6 9 n [ 3 6 S [
Time(years) Time(years) Time(years)
GBP1 COL5A2
1.00 1.00
075 0.7
£ &
H ]
2 2
g H
2050 2050
= s
& k]
4 z
H] 5
7 @
0.25 025
p<0.0001 < 0.0001
0.00 0.00
0 3 6 5 2 0 3 6 9 2
Time(years) Time(years)

Fig. 8 Prognostic model construction for CO tumor cells. A Forest plot depicting results from univariate Cox analysis of marker genes in CO tumor
cells (highest EMT score). B Identification of 8 prognosis-related genes using LASSO (Least Absolute Shrinkage and Selection Operator) Cox regres-
sion analysis. C Dot plot displaying coefficients (coef) of genes comprising the risk score model. D Heatmap showing expression profiles of these
genes across different groups. E ROC curves for risk scores at 1-year, 3-year, and 5-year time points. F Kaplan-Meier curves demonstrating survival dif-
ferences between high-risk and low-risk groups based on the risk score. G Survival analysis results for the 8 prognosis-related genes
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Fig.9 Immune infiltration and TMB analysis. A Heatmap depicting ESTIMATE, CIBERSORT, and Xcell results in OSA, highlighting immune
infiltration levels. B Bubble plot showing correlation analysis between immune checkpoint-related genes, risk scores, and prognosis-related
genes. C Differential expression of immune checkpoint-related genes between high-risk and low-risk groups. D CIBERSORT analysis illustrat-
ing immune cell proportions in high-risk and low-risk groups. E Correlation analysis between immune infiltration cells and risk scores. F, G
Correlation analysis between immune infiltration cells and risk scores. H-J TMB analysis results between low-risk and high-risk groups, and
correlation analysis between TMB and risk scores, as well as with prognosis-related genes
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