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Whole-exome evolutionary profiling i

of osteosarcoma uncovers metastasis-related
driver mutations and generates
an independently validated predictive classifier

Zhen Wang'?, Zhe Wang', Ruoyu Wang', Zumin Wang?, Xiangyang Cao®, Rui Chen?, Zebing Ma*,
Shanshan Liang'"® and Shuai Tao'?

Abstract

Background Osteosarcoma is the most common primary malignant bone tumor, with high invasiveness and meta-
static potential and a poor prognosis in patients with metastatic cancer. Despite the rapid advancements in genomics
in recent years that provided new perspectives for studying the molecular mechanisms of osteosarcoma, the under-
standing of its tumor heterogeneity and evolutionary mutation process remains limited.

Methods In this study, whole-exome evolutionary profiling was performed on data from the TARGET database rep-
resenting 61 osteosarcoma cases. Subclonal architectures were reconstructed to characterize mutational trajectories.
Differential mutation analysis was used to identify candidate metastasis-associated mutations. These features were
used to build a metastasis-prediction classifier, which was cross-validated and tested on an independent external
cohort. Finally, Suppes' probabilistic theory of causality was integrated with cohort data to infer high-frequency evolu-
tionary paths linked to metastasis.

Results A linear evolutionary trajectory was observed in 62% of patients, indicating sequential clonal expansion.
Eight key mutations were closely associated with metastatic progression. The classifier achieved 83% accuracy

in cross-validation and maintained robust performance on the external validation set. Through causal inference, dis-
tinct evolutionary routes underpinning metastasis were uncovered, with ATRX mutations frequently occurring as early
events that reshaped clonal dynamics and facilitated tumor spread.

Conclusions In this study, the dynamic evolutionary landscape of osteosarcoma metastasis was delineated,

an early metastasis classification model was constructed, and the impact of early clonal ATRX mutations on metas-
tasis initiation were highlighted. These findings offer potential avenues for the early diagnosis and risk assessment
of osteosarcoma.

Keywords Osteosarcoma, Metastasis, Tumor evolution, Machine learning, Cohort analysis

*Correspondence:

Shanshan Liang

liangshanshan@dlu.edu.cn

Shuai Tao

taoshuai@dlu.edu.cn

Full list of author information is available at the end of the article

©The Author(s) 2025. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if

you modified the licensed material. You do not have permission under this licence to share adapted material derived from this article or
parts of it. The images or other third party material in this article are included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To
view a copy of this licence, visit http://creativecommons.org/licenses/by-nc-nd/4.0/.


http://orcid.org/0000-0002-1644-4496
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12967-025-06796-6&domain=pdf

Wang et al. Journal of Translational Medicine (2025) 23:746

Background

Osteosarcoma is the most common primary malignant
bone tumor, with a peak incidence typically occurring
during adolescent growth. It ranks eighth in terms of
total incidence among pediatric cancers [1]. The tumor
primarily affects the ends of long bones, particularly the
femur, tibia, and humerus. Despite the relatively low
overall incidence of osteosarcoma, its highly aggressive
nature and high metastatic potential make it one of the
leading causes of death in adolescents [2, 3]. Approxi-
mately 10-20% of osteosarcoma patients have measur-
able metastatic lesions prior to diagnosis, with the lungs
the most common metastatic site (approximately 85%).
In the remaining 80-90% of patients, metastasis cannot
be accurately detected using current diagnostic methods
[4, 5]. The prognosis for osteosarcoma patients is almost
entirely dependent on the presence of metastasis and
drug resistance; lung metastasis, for example, generally
has a 5-year survival rate of less than 20% [6]. Therefore,
early detection and treatment of metastasis are crucial
for improving the overall survival rate of osteosarcoma
patients.

Clinically, osteosarcoma typically presents as local-
ized swelling, persistent pain, and functional impair-
ment. Osteosarcoma symptoms are often misdiagnosed
because of their similarity to other benign bone con-
ditions [7]. Although surgical resection remains the
primary therapeutic approach for osteosarcoma, its
effectiveness significantly decreases with metastasis or
recurrence. Chemotherapy, a standard adjuvant treat-
ment, effectively controls the growth of primary tumors.
Common chemotherapy regimens include doxorubicin,
cisplatin, and high-dose methotrexate; this standard
treatment has remained unchanged for over 40 years [3,
8], despite its limited efficacy against metastatic disease.
In recent years, targeted therapies and immunotherapies
have garnered attention as emerging treatment options
[9, 10]. However, their clinical use is still in the explora-
tory stage, and more fundamental research and clinical
data are needed to support their use in osteosarcoma.

As genomics technologies have rapidly advanced, the
molecular mechanisms of osteosarcoma, particularly the
genomic features associated with metastasis, have gradu-
ally become a focus of osteosarcoma research. While
osteosarcoma is predominantly driven by structural vari-
ants, studies have shown that somatic mutations in genes,
including TP53, RB1, CDKN2A, PTEN, and MDM?2, are
closely associated with its occurrence, progression, and
metastasis [11-14]. In particular, TP53 mutations have
been widely recognized as key driver mutations in oste-
osarcoma [15-17]. By comparing the genomic features
of primary osteosarcoma tumors and metastatic lung
tumors, Wang et al. [18] reported that metastatic tumors

Page 2 of 13

typically exhibited more complex genomic instabil-
ity and a greater mutation burden, which may be due to
defects in DNA damage response genes. Kinnaman et al.
[19] performed longitudinal whole-genome sequenc-
ing on eight patients with recurrent or refractory osteo-
sarcoma and revealed limited driver gene heterogeneity
in temporally and spatially distinct osteosarcoma sam-
ple. Although these studies elucidated the complexity of
osteosarcoma genomes, because of their extremely low
tumor mutational burden (TMB) and predominance of
extensive copy number alterations and structural variants
[20], no major oncogenic driver mutations have been
identified to date beyond TP53. This constitutes one of
the key challenges in implementing targeted therapy for
osteosarcoma.

Emerging genomic studies have begun integrating evo-
lutionary modeling with machine learning. Wang et al.
[21] performed multiregion sequencing on 10 primary
osteosarcoma tumors and matched lung metastases by
applying an n-dimensional Bayesian Dirichlet process
to delineate subclonal populations. They observed pro-
nounced mutation accumulation during metastasis and
identified deleterious germline variants in DNA mis-
match repair genes in eight patients. Kovac et al. [12]
conducted phylogenetic and molecular clock analyses on
12 metastatic osteosarcoma cases to pinpoint when key
driver mutations occurred, which underscored G1 cell
cycle alterations as particularly promising early therapeu-
tic targets. Liu et al. [22] used multiple machine learning
algorithms to interrogate osteosarcoma gene expression
datasets, revealing complex tumor microenvironment
signatures from which an interpretable predictive net-
work was constructed. Moreover, Hu et al. [23] suggested
that early metastasis of breast, colorectal, and lung can-
cers may occur 2—4 years prior to diagnosis. This implies
that in addition to identifying genomic events of the
tumor, their evolutionary relationships and critical evo-
lutionary nodes must be explored to reveal the cause of
metastasis.

In this study, we comprehensively analyzed whole-
exome sequencing data from the Therapeutically
Applicable Research to Generate Effective Treatments
(TARGET) database representing 61 osteosarcoma
patients. We proposed a method to calculate tumor
purity in cases with limited available data. Additionally,
to comprehensively consider both point mutations and
copy number variations (CNVs), we calculated the cancer
cell fraction (CCF) of each mutation and reconstructed
the tumor subclonal structure for each patient. Using the
CCFs of the differentially mutated genes, we developed
an osteosarcoma metastasis classification model with an
accuracy of 83% and performed external validation. By
applying Suppes’probabilistic theory of causality at the
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cohort level, we revealed significant differences in high-
frequency evolutionary mutation paths between meta-
static and nonmetastatic patients, particularly for TP53
and ATRX. This study provides new insights into the
molecular mechanisms of osteosarcoma metastasis and
offers novel approaches for the early diagnosis and per-
sonalized treatment of metastatic osteosarcoma.

Methods

Sample and data collection

This study is a reanalysis of existing publicly available
datasets. We obtained somatic mutation data of 102 oste-
osarcoma patients, CN'Vs data of 81 patients, and clinical
information of 97 patients from the TARGET database
available on the Genomic Data Commons (GDC) plat-
form (https://portal.gdc.cancer.gov/). We also acquired
raw whole-exome sequencing data of primary tumor
tissue and matched normal bone marrow tissue of 13
osteosarcoma patients, as published by Xu et al. [13]. All
tumor samples included in this study were publicly avail-
able with free access, and informed consent was obtained
from all patients by the participating centers.

Identification of somatic mutation and CNVs

Using the raw sequencing data of 13 osteosarcoma
patients, we aligned the sequencing reads to the human
reference genome hg38 via the Burrows—Wheeler Aligner
(v.0.7.17) [24]. Following the somatic variant detection
best practices guidelines from the Genome Analysis
Toolkit (v.4.3.0.0) [25], we marked duplicate reads using
MarkDuplicates and performed base quality score recali-
bration. Somatic mutations were called using Mutect2
and filtered using FilterMutectCalls. After obtaining reli-
able mutations, we annotated them using Funcotator.
CNVKit (v.0.9.10) [26] was used to detect CNVs in each
tumor sample, and to identify amplifications and dele-
tions at the gene level. FACETS (v.0.5.14) [27] was used
to determine allele-specific copy numbers and tumor
purity. To focus on key mutational events, we selected
nonsynonymous mutations for subsequent analysis.

We used the feature analysis module in maftools
(v.2.14.0) [28] to identify de novo mutational signatures
in the TARGET osteosarcoma (TARGET-OS) data for all
tumor samples. We then calculated the cosine similarity
to map the de novo signatures to known signatures in the
Catalogue of Somatic Mutations in Cancer (COSMIC)
database. Signatures with a cosine similarity greater than
0.5 were considered interpretable.

Calculation of tumor purity

We followed the method described by Locallo et al.
[29] to estimate tumor purity, which used the vari-
ant allele frequency (VAF) distribution of SNVs in copy
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number-neutral tumor regions. Specifically, we first iden-
tified copy number-neutral regions using allele-specific
copy numbers and then applied the DBSCAN algorithm
to cluster the VAFs within these regions. Using DBSCAN,
we determined the critical parameter eps (neighborhood
radius) using the k-distance method, and the minPts
parameter was set empirically to the feature dimension
plus 1, which was 2. After obtaining the preliminary clus-
tering results, we performed Wilcoxon tests between
clusters and merged the results with no significant dif-
ferences (p>0.05). Finally, tumor purity was determined
by calculating doubled the average VAF of the clone clus-
ter (i.e., the cluster with the highest average VAF). In the
TARGET-OS dataset, 29 out of 61 samples did not have
mutations in copy number-neutral regions. For these
samples, tumor purity was set to the median purity of the
other samples.

Calculating the CCF and reconstructing the clonal tree
For each mutation, we calculated its VAF using formula

(1):

alts

= alts + refs (1)

where alts is the number of reads supporting the vari-
ant allele at the mutation site, and refs is the number of
reads supporting the reference allele. The VAF reflects
the abundance of a mutation in a sample but does not
accurately represent the proportion of cells carrying the
mutation. Therefore, we calculated the CCF by combin-
ing the somatic CNV and tumor purity. Letting p repre-
sent tumor purity, T, represent the local copy number in
cancer cells (integer), N, represent the local copy num-
ber in normal cells (integer), and m represent mutation
multiplicity, the CCF of a mutation was calculated using
formula (2):

VAF
CCFc¢ = W(Tcn'p‘f'Ncn -(1-p) (2)

The VAF, tumor purity, and local copy numbers can all
be quantified from sequencing reads, but the mutation
multiplicity m cannot be directly determined from them.
We calculated the mutation multiplicity of a single SNV
according to formula (3):

VAF
m = max (l,round(T(Tm-p+Ncn-(1—,0)))> (3)

The function round returns the nearest integer. Using
this method, we obtained the CCF for each mutation,
which ranged from 0-1. If the CCF of an SNV was close
to 1, the mutation was present in nearly all tumor cells
and was considered a founder clone mutation. A CCF
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less than 1 indicated that the mutation was present in
only a subset of tumor cells and was considered a sub-
clone mutation.

To describe the subclonal structure and infer the clonal
evolutionary tree, we applied the R package RETCHER
[30] to the data from each patient. It used a beta mixture
model and Bayesian variational inference to reconstruct
the tumor subclonal structure. We set the maximum
number of clusters to 10 with at least three mutations
required in each cluster. On the basis of the sum condi-
tion and the cross rules [31], all possible clonal evolution-
ary trees were subsequently inferred, and the subclonal
proportions were calculated.

Identifying key differentially mutated genes

We divided the data of the 61 patients from the TAR-
GET-OS dataset into two groups on the basis of whether
metastasis was present at diagnosis. After selecting non-
synonymous mutations, we performed a differential anal-
ysis of the mutations between the two groups using the
mafCompare function in the R package maftools, which
only considers mutations present in at least two samples.
Ultimately, we identified 62 differentially mutated genes.
Next, we calculated the CCF of these mutations and used
them as feature vectors, and used the metastatic status of
each sample as the label. We then applied LASSO regres-
sion to select key differential mutations closely associated
with metastasis. To ensure the reliability of the results,
we applied ten-fold cross-validation and used the mean
squared error as the loss function for cross-validation.
Ultimately, we identified eight key differentially mutated
genes with the lowest mean squared error.

Building the machine learning classification model

We used the CCFs of the eight key differential mutations
as feature vectors to construct a machine learning clas-
sification model using the sklearn [32] package. First,
the features were standardized to ensure balance and
improve model stability. Then, we selected four classi-
cal machine learning algorithms for modeling: logis-
tic regression (LR), decision tree (DT), support vector
machine (SVM), and random forest (RF). To optimize
model performance, we used random search and grid
search methods to determine the best hyperparameters
for each model. During the model training process, we
used five-fold cross-validation to ensure the generaliz-
ability of the model. To evaluate model performance, we
considered multiple metrics, including accuracy, recall,
F1 score, and area under the curve (AUC). After compar-
ing the results of the different algorithms, we selected the
LR model as the optimal model. In the final training and
testing process, we divided the data of 61 patients into a
training and a test set at a 7:3 ratio. We used matplotlib
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[33] and seaborn [34] to visualize the confusion matrix,
ROC curve, and feature importance.

Evolutionary pathways of cohort-based inferences

of high-frequency mutations

We defined mutations that appeared in at least three
samples as high-frequency mutations. We identified 16
high-frequency nonsynonymous mutations, of which 12
were shared by both the metastatic and nonmetastatic
groups. Using Suppes’ probabilistic theory of causality
[35], we inferred the evolutionary relationships of these
12 mutations in both groups. Suppes posited that if event
A occurs before event B, and if the occurrence of event
A increases the probability of event B, then there exists
a causal relationship between A and B. Given this, we let
P(a) represent the frequency of mutation «, which is the
proportion of samples carrying mutation a among the
total samples; similarly, P(b) represents the frequency
of mutation b. P(a, b) represents the joint probability of
mutations a and b, which is the frequency at which both
mutations ¢ and b occur simultaneously. Intuitively, it
was reported that earlier genomic events tended to be
those that appeared more frequently in a dataset [36].
Therefore, if P(a) > P(b) and P(b | a)>P(b | a), we consid-
ered there to be a directed edge between mutations « and
b, denoted as a->b. Moreover, following the approach of
Szabo et al. [37], we added a weight to each edge using
formula (4):

P(a) P(a,b) >

P@ 1 P(b) P@P®) @)

W, = log (
After all the edges and their corresponding weights
were obtained, we first removed redundant direct edges
in the graph (those that could be reached through other
paths) to simplify the graph structure. Specifically, if
mutation x had an edge to mutation y, mutation y had
an edge to mutation z, and mutation x also had a direct
edge to mutation z, we removed the direct edge from
mutation x to mutation z. When a mutation had multiple
edges pointing to it, we selected the edge with the largest
weight. The resulting structure formed a tree, which we
visualized using the R package igraph (V.1.5.0) [38]. The
tree represented the evolutionary relationships of muta-
tions within a cohort.

Another key issue in cohort analysis is that a muta-
tion may be present in multiple samples simultaneously,
and therefore it is difficult to directly quantify the cellu-
lar proportion of that mutation (i.e., the CCF). To solve
this problem, we calculated the weighted average CCF
of the mutation using the sequencing read depth at the
mutation site as the weight. Because the CCF is largely
determined by the VAF, which is directly calculated from
the ratio of sequencing reads, the reliability of the VAF
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is lower in samples with a low sequencing depth. To
account for this and evaluate the CCF of mutations at the
cohort level, we assigned smaller weights to samples with
lower sequencing depths, thereby reducing their influ-
ence on the weighted average CCF.

Results

Genomic characterization of TARGET-OS patient data
Initially, we obtained somatic mutation data of 102
osteosarcoma patients, CNVs data of 81 patients, and
clinical data of 97 patients from the TARGET database.
All the data corresponded to primary tumor sample
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data. A total of 61 patients had matching data across
all three categories, with 19 presenting with metasta-
ses at diagnosis and 42 without metastasis (Fig. 1A).
The median number of nonsynonymous mutations in
the metastatic group was 19 (range, 7-60), whereas
it was 18 (range, 2-77) in the nonmetastatic group
(Additional file 1: Fig. S1A). The TMB was estimated
to be approximately 0.45 non-silent mutations per MB
(Fig. 1B). This aligned with previous findings in which
pediatric osteosarcomas had a lower TMB, approxi-
mately 0.1-0.5 mutations per MB [39], which was
lower than the TMB of most cancer types in the TCGA
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database (Additional file 1: Fig. S1B). The top 30 high-
frequency gene mutation profiles of the 61 patients
revealed several genes known to be commonly mutated
in osteosarcoma, including TP53, RB1, and ATRX [13,
18] (Fig. 1C). Notably, CNV in TP53 and ATRX were
more prevalent in the metastatic group. Additionally,
based on the reported survival status of the patients,
those with metastases at diagnosis generally had a
poorer prognosis.

Using a combined nonnegative matrix factorization
clustering method, we identified two robust mutation
signatures across all the samples (Fig. 1D). According
to the COSMIC, these two mutation signatures were
annotated as SBS5 and SBS40. Although both are clas-
sified as “unknown” in COSMIC (with SBS5 possibly
related to a clock-like signature), a study by Venu et al.
[40] on 27 pediatric cancer types revealed that SBS5
was present in 96.6% of the tumor samples and signifi-
cantly correlated with signature activity related to age
at diagnosis. SBS40 was active in nine pediatric can-
cer types, including osteosarcoma, and correlated with
age at diagnosis, suggesting an additional clock-like
signature.

The structure of tumor tissue is complex and com-
prises tumor cells, stromal cells, inflammatory cells,
the vascular system, and the extracellular matrix, all of
which collectively form the tumor microenvironment.
The proportion of tumor cells within the tumor tissue
represents the tumor purity [41]. Ignoring tumor purity
can cause bias in a clonal evolution analysis of tumors.
However, the TARGET-OS database does not contain
information on tumor purity, and existing methods
such as ABSOLUTE [42] and FACETS [27] cannot be
directly applied to calculate tumor purity. Therefore,
we adopted a method proposed by Locallo et al. [29]
and used the VAF of somatic SNVs within copy num-
ber-neutral tumor segments to estimate tumor purity
(Additional file 1: Fig. S2A, B). The results revealed a
median tumor purity of 0.49 (ranging from 0.14 to 0.92)
(Additional file 1: Fig. S2C). Because of the difficulty
of extracting high-quality DNA from the osteoid-like
stroma surrounding live tumor cells, osteosarcoma
tumor samples generally tend to have low purity [19].
Of the 61 samples, 29 had no copy number-neutral
mutations, and their purity was set to the median
purity of the other samples. We compared this method
with the FACETS method using whole-exome sequenc-
ing samples from 13 osteosarcoma patients published
by Xu et al. [13]. We found significant differences in
only four samples using the two methods (Additional
file 1: Fig. S2D), suggesting that our method provided a
viable approach for calculating tumor purity when only
limited data are available.
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Clonal evolution analysis reveals evolutionary patterns

of OS

To integrate the features of somatic mutations and
CNV, we performed a clonal evolution analysis on all
the tumor samples using RETCHER [30], estimated the
CCF of each mutation, and reconstructed the subclonal
architectures and evolutionary pathways. Our analy-
sis revealed that 62% (38/61) of patient tumors exhib-
ited a simple linear evolutionary pattern, whereas 38%
exhibited a branching evolutionary pattern or included
only a single clone cluster (Fig. 2A). Further analysis
revealed that linear evolutionary patterns were more
prevalent in tumors of nonmetastatic patients, whereas
tumors of metastatic patients displayed no clear trend
in their evolutionary patterns.

After excluding samples with fewer than 10 muta-
tions, we conducted a more in-depth comparison of
the CCF distribution between metastatic and nonmet-
astatic patients. The results revealed that most muta-
tions had high CCF values, and only a few samples had
a median CCF less than 0.8 (Fig. 2B). This finding sug-
gested that most mutations occurred at an early stage
of tumor development and were widely present in the
tumor cell population. Further analysis of the num-
ber of subclonal clusters revealed that 55% (12/40) of
nonmetastatic patients had only one or two clusters,
whereas this proportion was significantly greater in
metastatic patients at 84% (16/19) (Fig. 2C). This dif-
ference may be because the tumor in nonmetastatic
patients was in a relatively early stage and had not yet
undergone significant evolution or selection pressure,
producing less clonal differentiation and a relatively
simple mutational spectrum; thus, one or two domi-
nant subclones were present.

As an example, we further explored the differences
in the clonal evolution of the high-frequency mutation
ATRX between the nonmetastatic sample PALKDP and
the metastatic sample PATMXR. The results revealed
that the CCF of ATRX mutations in PALKDP was
0.35, indicating its presence in a subclone, whereas
in PATMXR, the CCF was 0.93, placing ATRX muta-
tions in a clonal cluster, indicating that it was present
in almost all tumor cells (Fig. 2D). These findings sug-
gested that ATRX mutations may occur early in meta-
static tumors and confer a strong clonal selectivity
advantage. The ATRX gene function is closely related to
chromatin remodeling and telomere maintenance [43],
and ATRX mutations may lead to genomic instability
and increased tumor cell survival. These findings sug-
gested that ATRX mutations may strongly influence the
clonal expansion associated with metastasis, providing
a potential genomic basis for the adaptive evolution of
metastatic tumor cells.
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Fig. 2 Tumor clonal evolution analysis reveals the evolutionary patterns and subclonal structure of osteosarcoma. A Pie chart showing
the proportion of linear evolutionary patterns versus other evolutionary patterns in the samples, as well as the distribution of metastatic

and non-metastatic samples within these two categories. B Box plot displaying the distribution of the CCF across all samples, with each point
representing the CCF value of a mutation, differentiated by color to distinguish metastatic from non-metastatic samples. C Grouped bar chart
illustrating the distribution of the number of samples with different numbers of subclone clusters. D Schematic representation of the subclonal

structure of PALKDP and PATMXR patients, with box plots showing the subclone clusters and their corresponding CCF values. The ATRX gene
is specifically labeled in both patients. The evolutionary tree displays the clonal relationships between the subclone clusters

Construction of a metastasis classification model using
differentially mutated genes

After obtaining the CCF of each mutation, we filtered the
genes with nonsynonymous mutations. Specifically, the
nonmetastatic group contained 884 genes with nonsyn-
onymous mutations, whereas the metastatic group con-
tained 441 genes with nonsynonymous mutations, with
45 genes overlapping between the two groups. To further
compare the mutations between the two groups, we per-
formed a differential mutation analysis on the genes in
the samples, excluding the influence of individual muta-
tions. This approach identified 62 differentially mutated
genes (Additional file 1: Fig. S3). We then performed
LASSO regression on these differentially mutated genes
to further filter the mutations associated with metastatic
outcomes. We identified eight mutated genes (ATRX,
RB1, DNAH9, RYR2, ADHIA, ARHGEF1S5, CARMILI,
ZMATI) with the smallest mean square errors (Fig. 3A,
B). Among them, ATRX, RB1, and RYR2 were present in
both the metastatic and nonmetastatic groups, whereas
the other mutations were specific to their respec-
tive groups. To investigate the functional characteris-
tics of these mutations, we performed GO and KEGG

enrichment analyses (Additional file 1: Fig. S4). Based on
the GO analysis, the associated genes were significantly
enriched in biological processes related to cytoskel-
etal organization and chromosomal behavior, suggesting
potential roles in cell division and cytoskeletal dynamics.
The KEGG pathway analysis further revealed significant
enrichment in the cell cycle and various metabolism-
related pathways, suggesting involvement in tumor pro-
liferation and metabolic processes. These findings
highlighted the potential functions of the differentially
mutated genes in maintaining cellular structure, regulat-
ing metabolism, and driving tumor progression, provid-
ing important insights for future mechanistic studies.

We used the CCFs of these eight mutations as features
and applied four classical machine learning algorithms
(LR, DT, SVM, and RF) to model the data. The perfor-
mance of each model was evaluated for accuracy, recall,
F1 score, and AUC (Table 1). The results showed that the
LR model performed best in terms of accuracy, recall,
and F1 score, whereas the support vector machine model
achieved the highest AUC. However, there was no sig-
nificant improvement over the LR model. We divided the
data of the 61 patients into a training set (43 cases) and
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Table 1 Performance of the four machine learning models of the coefficients in the LR equation. The mutated gene
under five-fold cross-validation with the greatest impact on the prediction was ATRX,
followed by DNAH9 (Fig. 3E). DNAH9 harbored private
mutations in the metastatic group, all of which were mis-

Model Performance

Accuracy Recall F1-score ROC-AUC sense mutations. Two-thirds of these mutations involved
LR 083 (£0.10)  058(£049) 067 (£029) 072(x022)  copy number amplification.
DT 072(£022) 043(x032) 049(x058) 058 (+048) To validate the broad applicability of our model, we
SYM 080(£0.17) 058(+049) 063 (£032) 076(+x025  performed external validation using the whole-exome
RF 075(£018)  053(+034) 061 (*021) 065033  sequencing data from 13 osteosarcoma patients, which

is publicly available from Xu et al. [13]. All patients
were confirmed to have developed lung metastasis. A
genomic analysis revealed that the median number of
nonsynonymous mutations was 1729 (ranging from
10-5313), with considerable heterogeneity among
patients. Missense mutations were the most frequent
type of mutation, and none of the common high-fre-
quency osteosarcoma mutations were observed among

a test set (18 cases) in a 7:3 ratio and selected LR as the
final model. The model achieved an accuracy of 0.83, a
recall of 0.5, an F1 score of 0.67, and an AUC of 0.73 on
the test set (Fig. 3C, D). We ranked the importance of the
eight mutated genes on the basis of the absolute values
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the top 10 most frequent mutations (Fig. 4A). A CNV
analysis revealed complex CNV patterns in samples
OS2T, OS7T, OS10T, OS12T, and OS13T (Fig. 4B),
which may be associated with chromosomal fragmen-
tation and rearrangement [11]. The most common
regions of copy number amplification were 8q, 17p,
and 20q, whereas the most common regions of copy
number deletion were 6q and 13q. A clonal evolution
analysis revealed that most mutations clustered at low
CCF values, which suggested that selective pressures
caused by treatment (e.g., chemotherapy, immuno-
therapy) likely suppressed the proliferation of certain
subclonal mutations that were not treatment resist-
ant. Consistently, mutations that remained in the clone
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were drug-resistant mutations that survived post-treat-
ment and continued to evolve within the cells. In the
OS12T sample, a clonal cluster and four subclonal clus-
ters were observed, with the ATRX mutation present
in the clonal cluster (Fig. 4C). The subclonal structure
of this sample allowed us to infer four distinct clonal
evolution pathways (Fig. 4D), indicating the complex
intra-tumoral heterogeneity of the tumor. After filter-
ing to remove samples with a tumor purity less than
20% (0S4, OS9, OS12, OS16) and those with fewer than
10 mutations (OS15), we used the remaining eight sam-
ples to validate the osteosarcoma metastasis prediction
model we constructed. The results showed that, despite
differences in data processing pipelines, the model still
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achieved an accuracy of 0.75 (6/8), which strongly sup-
ports the robustness and applicability of the model.

Cohort analysis identifies high-frequency mutations
that differ in evolutionary pathways
In addition to the differential mutations, we also focused
on the shared mutations between the two groups,
attempting to uncover key events in the evolution of
metastasis. We identified 45 nonsynonymous mutated
genes common to both groups (Fig. 5A). Given the strong
heterogeneity observed between osteosarcoma patients,
we defined high-frequency mutations as those present
in at least three patients. Of the 45 shared mutations, 12
were considered high frequency mutations (Fig. 5B), and
therefore may be crucial in the occurrence of metastasis.
We then inferred the evolutionary paths of these
12 mutations present in both the metastatic and non-
metastatic groups at the cohort level on the basis of
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Suppes’probabilistic theory of causality. In the non-
metastatic group, we identified six initiating mutations,
including TP53 and RB1, with PCDH1S5 a descendant of
RBI1. The remaining five mutated genes, including ATRX,
were descendants of TP53 (Fig. 5C). These findings sug-
gested that the evolutionary relationship driven by TP53
mutations was most common in nonmetastatic patients.
In contrast, in the metastatic group, there were five initi-
ating mutations, including mutations in 7P53 and ATRX.
Six mutated genes, including RBI, were all descendants
of ATRX, with only one mutation, RYR2, a descendant
of TP53 (Fig. 5D). Considering that this was a cohort
analysis and that a mutation may be present in multiple
samples, we quantified the cellular proportion of muta-
tions by calculating the weighted average CCF of these 12
mutations, using the total number of sequencing reads
from each sample as the weight. The results revealed that
in the nonmetastatic group, the CCF of the mutations

A B Non-Metastasis(n=23) Metastasis(n=14)
Non-Metastasis  Metastasis P53 S ‘
ATRX °
MUC16 [ Missense_Mutation
RB1 i || Frame_shift_Del
TN || In_Frame_Del
839 396 CNTNAP5 | | Frame_shift_Ins
ALMS1 || Nonsense_Mutation
CSMD2 L[] || splice_site
HELZ2 HERE Multi_Hit
PCDH15 | H Amp
45 RYR2 ° IE Del
ZFHX3 [ L] 8

Non-Metastasis Mutation Evolutionary Tree

Metastasis Mutation Evolutionary Tree

\ \
@ @

—_ —_ = -

/ /
| /
® O
(
J

-~ _ - - = =

Fig.5 Cohort analysis revealed differences in the evolutionary pathways of shared high-frequency mutations. A Venn diagram showed
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was generally greater than 0.6, with no apparent subclone
structure. In contrast, in the metastatic group, two sub-
clone mutations in PCDHI5 and ZFHX3 were identi-
fied, with CCFs of 0.59 and 0.23, respectively (Additional
file 1: Fig. S5). We observed that the CCFs of TP53 and
RBI were essentially equal to 1 in both groups, whereas
the CCF of ATRX was 0.72 in the nonmetastatic group
and 0.93 in the metastatic group. These findings sug-
gested that ATRX mutations in the metastatic group were
early initiating mutations, which was consistent with our
previous conclusion that early ATRX mutations may be
critical in metastasis occurrence.

Discussion
This study provides important insights into the mecha-
nisms underlying osteosarcoma metastasis by system-
atically analyzing the genomic data of osteosarcoma
patients. Through a clonal evolution analysis of tumor
data from 61 osteosarcoma patients, we found that 62%
of the patients exhibited a simple linear evolutionary
model, suggesting that their clonal evolution process was
relatively straightforward, which may have been associ-
ated with a lower tumor mutational burden. These results
were consistent with the low TMB that is characteristic
of osteosarcoma and aligned with the low mutational
burden commonly observed in pediatric solid tumors
[44]. Moreover, we observed that metastatic tumors had
fewer subclonal clusters than nonmetastatic tumors,
and that mutations in metastatic tumors generally had a
greater CCF than those in nonmetastatic tumors, indicat-
ing that the metastatic mutations had occurred at an ear-
lier evolutionary stage and were widespread in the tumor
cells. This early clonal expansion feature was consistent
with the high adaptability associated with metastasis.
We also assessed the effects of demographic factors (age,
sex, and race) on tumor clonal evolutionary patterns and
metastatic behavior, but no significant associations were
found (Additional file 1: Fig. S6). We believe this lack of
association may reflect our limited sample size, the rela-
tively homogeneous racial composition of the patients,
and their narrow age range (osteosarcoma predominantly
affects adolescents); together, these factors rendered it
difficult to identify associations among these variables,
tumor evolution, and metastatic behavior. Several stud-
ies of various cancers have shown that metastasis occurs
earlier than expected [23, 45, 46], suggesting that tumor
cells may acquire a significant clonal selection advantage
through key mutations that occur early during tumori-
genesis. In our study, the high CCF of patients with ATRX
mutations suggested that these mutations may help drive
the metastatic process.

Through differential mutation analysis and LASSO
regression, we identified eight key mutated genes closely
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associated with osteosarcoma metastasis: ATRX, RBI,
DNAH9, RYR2, ADHIA, ARHGEFI15, CARMILI, and
ZMATI. On the basis of these findings, we constructed
a predictive classification model for osteosarcoma metas-
tasis and validated its robustness using multiple data-
sets. The logistic regression model achieved an accuracy
of 83% on the test dataset and 75% on the external vali-
dation dataset, demonstrating high predictive perfor-
mance and broad applicability. Features were ranked by
importance in the model, with ATRX identified as the
most influential variable, followed by DNAH9. Multi-
ple studies have demonstrated that ATRX is a crucial
tumor-suppressor in osteosarcoma [3, 11, 18, 19, 47]. The
significance of DNAHY in osteosarcoma has not yet been
shown, although a DNAH9 mutation was identified as
a high-frequency mutation in a study of Ewing sarcoma
[48]. These findings provide potential tools for assessing
the risk of metastasis and developing personalized treat-
ment strategies for osteosarcoma patients.

Using the probabilistic theory of causality and cohort
analysis, we revealed significant differences in the evolu-
tionary pathways of high-frequency mutations between
metastatic and nonmetastatic osteosarcoma patients.
In nonmetastatic patients, the evolutionary pathway
was centered on TP53 and RBI, reflecting the classical
tumor suppressor gene-driven model, whereas in meta-
static patients, the pathway began with ATRX mutations,
which further supporting the crucial role of ATRX in
the initiation of metastasis. Additionally, the subclonal
features of PCDHI5 and ZFHX3 in metastatic patient
tumors suggested that these mutations may play a role
in the later stages of tumor metastasis. The evolutionary
pathway-based analysis revealed key early events related
to metastasis and provided important insights for further
research into the dynamics and mechanisms of osteosar-
coma metastasis.

In recent years, there has been increasing interest in
identifying biomarkers that support early disease detec-
tion or prognosis [49, 50]. ATRX mutations, as the most
critical mutated gene in this study, were shown to be
high-frequency mutations in metastatic patients and sig-
nificant drivers in the evolutionary trajectory, according
to the evolutionary analysis. ATRX is a chromatin remod-
eling factor, and its functional loss is closely associated
with genomic instability. Studies have shown that ATRX
mutations maintain the stability of chromosome ends
through an alternative lengthening of telomere mecha-
nism, increasing the survival and adaptability of tumor
cells [51]. The CCF level of ATRX mutations and their
hierarchical position in the evolutionary tree may serve
as important indicators for predicting the metastatic
risk of osteosarcoma. By integrating tumor genomic
sequencing with clonal evolution analysis, we can more
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accurately predict the metastatic risk in patients, and
thereby support the development of personalized treat-
ment strategies. For example, patients with high CCFs
of ATRX mutations may be considered for more proac-
tive follow-up plans or early preventive interventions for
metastatic disease.

Despite the significant progress made in this study in
revealing the genomic characteristics and evolutionary
mechanisms of osteosarcoma metastasis, there are still
several limitations that warrant further investigation.
First, the sample size of this study was relatively small,
particularly the external validation dataset, which may
have partially affected the assessment of the performance
of the osteosarcoma metastasis classification model. Sec-
ond, this study lacked longitudinal data, and the cross-
sectional nature of the TARGET-OS dataset used in the
study precluded an evaluation of temporal changes in the
subclonal architecture and metastatic behavior. Third,
our analysis was confined to the genomic level and did
not incorporate transcriptomic or proteomic data. Fur-
thermore, the considerable heterogeneity among oste-
osarcoma patient tumors, coupled with the inherent
genomic instability of the disease, complicates the devel-
opment of a universal classification system applicable to
all patients.

Future research should aim to expand the sample size
and integrate multi-omics data, including transcriptom-
ics, metabolomics, and single-cell analysis, to provide
a more comprehensive understanding of the molecu-
lar mechanisms and dynamic evolutionary processes
underlying osteosarcoma metastasis. Additionally, these
findings can be combined with imaging techniques and
biomarkers, such as circulating tumor DNA, to develop
noninvasive clinical detection tools that may help capture
early signals of metastatic risk, ultimately improving the
prognosis of osteosarcoma patients and advancing preci-
sion medicine.

Conclusions

Our study delineated the dynamic evolutionary land-
scape of osteosarcoma metastasis by reconstructing sub-
clonal architectures, identifying key mutations associated
with metastasis, and establishing an early metastasis clas-
sification model. In addition, we propose that early clonal
ATRX mutations may represent critical events that pro-
mote the initiation of metastatic progression. These find-
ings provide valuable insights into the temporal sequence
of tumor evolution and offer potential avenues for early
diagnosis and risk stratification. However, further valida-
tion in larger, prospective cohorts and functional studies
is needed to confirm the causal role of key mutations and
refine the clinical applicability of the model.
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