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Abstract: Background: Soft tissue sarcoma (STS) is highly heterogeneous and has a high risk of recurrence so
that the accurate prognosis of postoperative recurrence and the value of radiotherapy are critically important. We
developed a machine learning model to predict postoperative recurrence in soft tissue sarcoma patients, provid-
ing a data-driven tool to optimize adjuvant radiotherapy decisions. Methods: We retrospectively analyzed 642 STS
patients who underwent radical surgery at the China National Cancer Center from 2010 to 2025. In order to deter-
mine the essential predictors and build strong models, we used a machine learning approach based on wrapper
methods. The performance of models was rigorously evaluated using temporal validation, where the concordance
index (C-index), time-dependent receiver operating characteristic (ROC), and decision curve analysis (DCA) were
used to identify the most effective predictive architecture. Results: There are a total of 11 feature subsets are
identified, which are combined with 11 machine learning algorithms in a combinatorial manner, resulting in 121
predictive models. Among these models, the Cox proportional hazards model combined with Random Survival
Forests (COXPH+RSF, CRM) demonstrates the best predictive performance. The C-index for CRM is 0.923 (95% CI
0.878-0.935) in the training cohort, 0.867 (95% Cl 0.850-0.875) in the cross-validated training cohort, and 0.807
(95% CI 0.765-0.819) in the temporal validation cohort. Time-dependent calibration curves, time-dependent ROC
curves and DCA evaluation confirms that the CRM achieves high predictive precision and clinical utility. We also re-
lease an open-access online platform to host our model and to support its practical application. And staging system
based on the CRM provides a new clinical reference for determining postoperative adjuvant radiotherapy strategies
in this patient cohort. Conclusions: The CRM demonstrates the best predictive capacity concerning recurrence after
surgery in STS patients, which could be of immense potential to assist clinicians in assessing disease severity, guid-
ing patient follow-up, and informing adjuvant treatment strategies.
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Introduction

Soft tissue sarcoma (STS) is a rare and he-
terogeneous malignancy, accounting for about
1 percent of adult and 15 percent of pediatric
cancers [1]. There has been more than 50 his-
tological subtypes identified to date, which con-

tributes to significant heterogeneity in progno-
sis as well as treatment response [2-4]. The
multidisciplinary treatment strategies have sig-
nificantly improved local control rates, but the
risk of recurrence and long-term disease con-
trol remains challenging in a subset of patients
[5, 6]. For example, studies have shown that for
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extremity STS, adjuvant radiotherapy can sig-
nificantly improve local control compared with
wide resection alone. In contrast to extremity
sarcomas, retroperitoneal soft tissue sarco-
mas still have a high rate of local recurrence
even after complete resection [7]. Additionally,
it is not known yet what the impact of postop-
erative radiotherapy is on long-term overall
survival, and whether it provides meaningful
advantages over preoperative radiotherapy re-
mains controversial [8].

Current clinical practice relies on multidisci-
plinary team to develop and individualized
treatment plan based on each patient’s spe-
cific circumstances and tries to find a balance
between therapeutic efficacy and potential ne-
gative effects. Although the fact that traditional
prognostic factors such as tumor grade, size,
depth, resection margin status, and metastatic
spread are well recognized, their predictive abil-
ity in clinical practice remains limited [9]. In
particular, existing prognostic models lack reli-
ability in predicting postoperative recurrence
risk and the efficacy of adjuvant radiotherapy in
patients with STS.

In recent years, machine learning has demon-
strated great potential in acquiring intricate
clinical information and nonlinear interactions,
and its applications in the field of oncology are
increasingly emerging [1, 10, 11]. Machine
learning has already been used in various can-
cers to predict postoperative complications,
survival outcomes, and recurrence risks, with
potential advantages over traditional methods
[12-15]. While current research utilizes ma-
chine learning and radiomics to predict overall
survival and neoadjuvant therapy outcomes in
STS patients [1, 16], individualized prediction
models in terms of postoperative recurrence
risk remain to be further developed.

Our research develops and validates a machine
learning-based model to predict recurrence in
STS patients, with an addition of a web-based
risk calculator to assess the clinical utility of
postoperative adjuvant radiotherapy. Conse-
quently, such a model can be used as a prag-
matic decision-support tool for personalizing
adjuvant radiotherapy in routine practice.

Material and methods

This study was conducted in accordance with
the Prediction model Risk Of Bias Assessment
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Tool (PROBAST) standards and a checklist for
useful clinical prediction tools proposed by
Florian Markowetz, with reporting guided by
Transparent Reporting of a Multivariable Pre-
diction Model for Individual Prognosis or Diag-
nosis (TRIPOD) [17-19]. The complete research
process of this study is shown in Figure 1.

Study population

The single center retrospective cohort study
enrolled 897 patients with STS who underwent
radical surgery at the National Cancer Center
between 2010 and 2025. Patients were divid-
ed into two groups: the training cohort (2010-
2020, n=365) and the temporal validation co-
hort (2021-2025, n=277). Each patient gave
written informed consent before surgical inter-
vention and subsequent follow-up. All proce-
dures that involved human participants were
performed in accordance with the 1975 De-
claration of Helsinki and its amendments, and
ethical approval was obtained by the Hospi-
tal Ethics Committee of the National Cancer
Center (No. NCC2020C).

Patients with pathologically confirmed STS who
underwent radical resection were included.
They were excluded if they had any of the fol-
lowing: (1) Died during perioperative period;
(2) Lost to follow-up; (3) Insufficient clinical
data. Out of the initial screening of 897 pa-
tients with soft tissue sarcoma, 255 were not
eligible according to the inclusion criteria and
were therefore excluded. Ultimately, 642 pa-
tients were included in the analysis.

Data collection

The surgeries were executed by senior sur-
geons with specialization in oncological resec-
tion. The data were retrospectively collected
by a multidisciplinary team of soft tissue sar-
coma specialists and clinicians. All variables
are commonly used in clinical practice. The sex
and age of the patients can be derived from
their identification documents. The chemother-
apy sensitive subtype, depth, grade, margin, N
stage, pathology subtype, and size can be
determined from postoperative pathology re-
ports.

Prior to collecting the medical data, all staff
underwent standardized training on the data
extraction forms to preserve data consistency.
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Figure 1. Flow diagram of the study.

After reviewing eligible medical records, out-
comes were assessed by an independent panel
that was blinded to the model predictions and
input variables. This is to ensure the recurren-
ce verification remains strictly based on clinical
data of the participants, thereby eliminating
potential bias or influence from the model’s
predictive outcomes.

Predictor selection

In the training cohort, variables with over 35
percent missing data were excluded from the
analysis. A total of 14 variables were included
in the training set: sex, age, pathological sub-
type, chemotherapy sensitive subtype, tumor
location, depth, size, T stage, N stage, histo-
logical grade (FNCLCC), AJCC stage, surgical
margin status, postoperative chemotherapy,
and postoperative radiotherapy. These variab-
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les were entered into 11 machine learning
models to choose the predictive factors.

We applied a range of established algorithms
that can accommodate both continuous and
categorical variables, including Boosted Ge-
neralized Additive Model (GAMB), Boosted Ge-
neralized Linear Model (GLMB), Survival Tree
(ST), Conditional Inference Tree (CIT), Random
Survival Forest (RSF), Conditional Random
Forest (CRF), Accelerated Oblique Random
Survival Forest (AORSF), Penalized Regression
(PR), Cox Proportional Hazards Model (COXPH),
Kaplan-Meier Estimator (KM), Normalized Ab-
solute Error (NAE). All these algorithms are all
sourced from the “mlir3proba” R package [20].

There are three major feature selection meth-
ods: filter, wrapper, and embedded. The main
purpose of feature selection is to assess each
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feature’s importance within the full set and
identify those most relevant for predicting the
target. The present study employed wrapper
methods (WM), which evaluate feature useful-
ness based on classifier performance [21]. The
predictor selection using the WM involves four
key steps: (1) Implementing sequential forward
selection to iteratively build feature subsets; (2)
Assessing each subset’s performance by calcu-
lating the concordance index (C-index) through
10-fold cross-validation; (3) Repeat the above
process for all feature subsets; (4) Select and
display the feature subset with the highest
C-index as the outcome of the WM on that algo-
rithm. The algorithm outputs a specific com-
bination of clinical features as the final predic-
tors.

Machine learning model development and
validation

To explore the optimal predictive model, a sys-
tematic framework was implemented by cross-
pairing 11 machine learning algorithms with
11 independently derived feature subsets. This
combinatorial approach ensured a comprehen-
sive evaluation of various algorithm-feature
integrations during the model development
phase. And these models were later validated
in a validation cohort.

The C-index is widely applied in medical re-
search as a statistical measure to evaluate
the predictive performance of survival analysis
models. It measures how well the alignment
predictions correspond to actual results, which
range from O to 1. Overall, a higher C-index indi-
cates better predictive performance of the
regression model. The model with the highest
average C-index on validation data was identi-
fied as the one for further study.

The predictive performance of the model was
measured in a number of ways: calibration
curves were established to evaluate the con-
cordance between predicted and actual non-
recurrence rates at 1, 3, and 5 years. Mean-
while, time-dependent variants reflected cali-
bration stability over the entire study period.
The area under the receiver operating charac-
teristic (ROC) curves (AUC) was used to assess
predictive discrimination abilities of the mod-
els. Decision curve analysis (DCA) was con-
ducted to evaluate the potential clinical bene-
fits to patients across the same time horizons.
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Finally, individual risk scores were derived for
both the training and validation cohorts using
the machine learning model.

We quantified the temporal dynamics of fea-
ture influence through a time-dependent im-
portance analysis. The value of each predictor
was evaluated by computing the model’s Brier
score loss after permuting feature values. To
enhance reliability, this evaluation was incor-
porated into a 10-fold cross-validation resam-
pling strategy. This approach allowed determin-
ing which variables are of importance to model
predictions that vary over time and provide
essential evidence for time-sensitive clinical
decision making.

Web risk calculator and staging system

Based on the ST, optimal risk score cut-offs
were identified to classify patients into high-
risk and low-risk groups. The final model was
integrated into an interactive web-based appli-
cation using the R package “Shiny”. This web-
based application allows clinicians to enter
patient data to calculate recurrence risk in STS
patients which will be a useful tool to use by
health practitioners when making early treat-
ment plans [22].

Statistical analysis

The normality of the data was tested by the
Kolmogorov-Smirnov test. The continuous vari-
ables that have normal distribution were de-
scribed as mean + standard deviation and ana-
lyzed by the t-test; otherwise, they were report-
ed as median (interquartile range) and analyzed
by the Mann-Whitney U test. In case of categori-
cal variables, the data were presented as num-
bers and frequencies, applying either the Chi-
square test or Fisher’s exact test as appropriate.
The cumulative risk curves were used to visual-
ize and evaluate the differences of the recur-
rence rates between the two risk strata (high-
risk and low-risk). All the statistical tests were
two-sided, with a p-value threshold of 0.05 for
statistical significance. All figure illustrations
and statistical analyses were done in R version
4.4.1.

Results
Patient characteristics

A total of 897 soft tissue sarcoma patients
were initially screened and 255 of them were
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Table 1. Baseline characteristics of the patients

Training cohort N=365 Validation cohort N=277 P
Age 51.0 [38.0; 63.0] 58.0 [45.0; 69.0] <0.001
Sex 0.797
Female 163 (44.7%) 120 (43.3%)
Male 202 (55.3%) 157 (56.7%)
Pathology Subtype <0.001
Liposarcoma 65 (17.8%) 142 (51.3%)
Undifferentiated Pleomorphic Sarcoma 132 (36.2%) 34 (12.3%)
Synovial Sarcoma 96 (26.3%) 33 (11.9%)
Fibrosarcoma 47 (12.9%) 39 (14.1%)
Other 25 (6.85%) 29 (10.5%)
Chemotherapy sensitive subtype <0.001
No 253 (69.3%) 230 (83.0%)
Yes 112 (30.7%) 47 (17.0%)
Site 0.613
Upper limbs 58 (15.9%) 40 (14.4%)
Lower limbs 182 (49.9%) 149 (53.8%)
Trunk or Pelvis 125 (34.2%) 88 (31.8%)
Depth 0.905
Superficial 175 (47.9%) 135 (48.7%)
Deep 190 (52.1%) 142 (51.3%)
Size 6.00 [3.50; 10.0] 8.00[4.10; 13.0] 0.001
T <0.001
T1 137 (37.5%) 79 (28.5%)
T2 131 (35.9%) 80 (28.9%)
T3 41 (11.2%) 67 (24.2%)
T4 56 (15.3%) 51 (18.4%)
N 0.802
NO 352 (96.4%) 269 (97.1%)
N1 13 (3.56%) 8 (2.89%)
Grade <0.001
G1 208 (57.0%) 120 (43.3%)
G2 104 (28.5%) 66 (23.8%)
G3 53 (14.5%) 91 (32.9%)
AJCC Stage 0.002
IA 74 (20.3%) 34 (12.3%)
1B 129 (35.3%) 86 (31.0%)
Il 59 (16.2%) 45 (16.2%)
1A 49 (13.4%) 44 (15.9%)
1B 41 (11.2%) 60 (21.7%)
1Y 13 (3.56%) 8 (2.89%)
Margin 0.029
Negative 301 (82.5%) 208 (75.1%)
Positive 64 (17.5%) 69 (24.9%)
Radiotherapy 0.197
No 203 (55.6%) 169 (61.0%)
Yes 162 (44.4%) 108 (39.0%)
1331 Am J Cancer Res 2026;16(4):1327-1340



Machine learning prediction of STS recurrence

Chemotherapy
No
Yes
Recurrence
No
Yes
Follow-up time

271 (74.2%)
94 (25.8%)

269 (73.7%)
96 (26.3%)
51.6 [23.0; 75.0]

0.007
231 (83.4%)
46 (16.6%)
0.838
207 (74.7%)
70 (25.3%)
15.0 [7.00; 22.0] <0.001

excluded as they did not meet the inclusion
criteria. Consequently, the analysis finally in-
cluded 642 patients who were allocated to the
training cohort (n=365) and the temporal vali-
dation cohort (n=277). Table 1 summarizes the
baseline characteristics of the enrolled STS
patients. In the training cohort, the median age
is b1 years (IQR, 38.0-63.0), the median follow-
up duration is 51.6 months (IQR, 23.0-75.0),
and the recurrence rate is 26.3%. In the valida-
tion cohort, the median age is 58 years (IQR,
45.0-69.0), the median follow-up duration is
15.0 months (IQR, 7.0-22.0), and the recur-
rence rate is 25.3%.

Predictor selection

The training cohort had 14 variables included
for predictor selection. By applying 11 machine
learning algorithms and applying the WM, 11
feature subsets were generated, as detailed in
Table S1.

Model development, validation, and evaluation

A total of 121 candidate models were devel-
oped based on different algorithm-feature sub-
set combinations, and their predictive perfor-
mance was further evaluated in the validation
cohort.

Our first model screening was conducted with
the use of the C-index. Figure 2 shows the top
50 candidates according to average C-index
and the full ranking for all 121 models is pre-
sented in Figure S1. The COXPH+RSF model
(CRM) exhibits the highest average C-index of
0.837 in the validation cohorts among all mod-
els which indicates superior performance. In
the training cohort, C-index of CRM is 0.923
(95% Cl 0.878-0.935), in the cross-validated
training cohort, it is 0.867 (95% CI 0.850-
0.875), and in the temporal validation cohort,
itis 0.807 (95% Cl 0.765-0.819). The nine pre-
dictors used in the CRM are: Age, chemothe-
rapy, chemotherapy sensitive subtype, depth,
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grade, margin, N stage, pathology subtype, and
size.

The time-dependent calibration curves for
the 1, 3, and 5-year demonstrate that CRM
achieves good calibration in the training co-
hort and the validation cohorts (Figures 3 and
S2). The model was well calibrated in the train-
ing cohort but it progressively overestimated
recurrence-free survival over time in the tem-
poral validation cohort, suggesting potential
model overfitting and temporal distribution
shift.

The time-dependent ROC curves show that
the CRM maintains strong predictive accuracy
at 1, 3, and 5 years in the training cohort and
the validation cohorts. In the training cohort,
CRM achieves an AUC of 0.941 (95% Cl 0.902-
0.972) at 1 year, 0.976 (95% CI 0.959-0.990)
at 3 years, and 0.970 (95% Cl 0.949-0.986) at
5 years (Figure 4A). In the validation cohort,
CRM achieves an AUC of 0.863 (95% CI 0.792-
0.929) at 1 year, 0.884 (95% Cl 0.821-0.934)
at 3 years, and 0.911 (95% Cl 0.846-0.958) at
5 years (Figure 4B).

The DCA of the CRM demonstrates a constant
net benefit in the training cohort and time vali-
dation cohorts over a range of threshold prob-
abilities (Eigure S3). The CRM is found to be
superior to the ‘treat none’ and ‘treat all’ strate-
gies in two cohorts which indicate its practical
utility when making decisions.

Model interpretation and development of new
stage system

The time-dependent feature importance cur-
ves show the varying importance of each pre-
dictor in CRM over time (Figure 5). It can be
seen that margin is the most influential pre-
dictor of CRM throughout the follow-up period.

To make it easier to implement clinically, we
have created a web-based risk calculator
(https://psxuliu.shinyapps.io/COXRSFforSTS/).

Am J Cancer Res 2026;16(4):1327-1340
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Figure 2. Concordance index of top 50 machine learning models. The C-index for the top 50 out of 121 machine
learning models was calculated for the training cohort and three validation cohorts. Ranking of the models was
based on the average C-index of three validation cohorts. GAMB, Boosted Generalized Additive Model; GLMB,
Boosted Generalized Linear Model; ST, Survival Tree; CIT, Conditional Inference Tree; RSF, Random Survival Forest;
CRF, Conditional Random Forest; AORSF, Accelerated Oblique Random Survival Forest; PR, Penalized Regression;
COXPH, Cox Proportional Hazards Model; KM, Kaplan-Meier Estimator; NAE, Normalized Absolute Error.
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Figure 3. Evaluating the calibration of CRM by time-dependent calibration curves. A. Time-dependent calibration
curve of training cohort; B. Time-dependent calibration curve of validation cohort.
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Figure 4. Evaluating the predictive accuracy of CRM by time-dependent ROC curves. A. Time-dependent ROC curves
training cohort; B. Time-dependent ROC curves temporal validation cohort. CRM, Cox Proportional Hazards Model
+ Random Survival Forest.

Also, we developed a staging system based The significance of the CRM stage system in
on CRM and using the ST algorithm to divide guiding postoperative radiotherapy

STS patients into two risk groups by risk scor-

es. The cumulative risk curves indicate that We used the CRM staging system to divide
there are statistically significant differences in patients in both cohorts into high-risk and low-
recurrence rates between the high-risk and risk groups. Cumulative risk curves were then
low-risk groups in all four cohorts (Figure S4A, generated to compare the outcomes of those
S4B). who received adjuvant radiotherapy against
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Figure 5. Interpretation the CRM by time-dependent feature importance curves and the performance of the CRM
staging system in the training cohort and validation cohort. The time-dependent feature importance curves of CRM.

those who did not. The results show that, in the
high-risk groups of both cohorts, the differenc-
es in recurrence rates between the radiothera-
py and non-radiotherapy subgroups are statisti-
cally significant (Figure 6A, 6C). However, in the
low-risk groups, although a trend toward differ-
ent recurrence rates is observed between the
two subgroups, the differences do not reach
statistical significance (Figure 6B, 6D). These
findings suggest that the CRM staging system
can effectively evaluate the benefits of postop-
erative radiotherapy and provide valuable guid-
ance for adjuvant treatment decision-making.

Discussion

This research developed and validated a
machine learning-based model to predict post-
operative recurrence risk in STS patients. The
resultant CRM was found to be more accurate
in predicting the outcome in both the training
cohort and the temporal validation cohort. It
achieved higher C-index and AUC values com-
pared to other models, suggesting better accu-
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racy and stability in recurrence prediction. The
time-dependent calibration curves and DCA
reveal the superior calibration and clinical net
benefit. Such results indicate that the CRM
has the potential to identify postoperative re-
currence in STS patients. It may also help clini-
cians evaluate the severity of the disease, facil-
itate patient follow-up, and provide directions
on multidisciplinary treatment strategies. Com-
bining the CRM with the ST staging system
provides additional guidance for postoperative
adjuvant radiotherapy in STS patients.

The recent years have seen an increased inter-
est in the creation of prediction models in clini-
cal research. It emphasizes the importance of
adhering to standardized procedures for model
construction and validation. The present study
was strictly aligned with the existing standards
and carefully assessed to guarantee method-
ological integrity. As indicated by earlier stud-
ies, the rapid development of predictive model-
ing has been accompanied by increasing de-
mands for transparency and accuracy. The pub-
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Figure 6. The significance of CRM staging in guiding postoperative radiotherapy. A. Cumulative risk curves of the
high-risk group based on the CRM staging system in the training cohort; B. Cumulative risk curves of the low-risk
group based on the CRM staging system in the training cohort; C. Cumulative risk curves of the high-risk group
based on the CRM staging system in the validation cohort; D. Cumulative risk curves of the low-risk group based on
the CRM staging system in the validation cohort. CRM, Cox proportional hazards model + random survival forest.
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lication of the TRIPOD statement marked an
important step forward in this area [19, 23].
The assessment tool proposed by Wolff et al.
since then has provided a systematic struc-
ture to assess bias and applicability [17]. The
checklist introduced by Markowetz has further
emphasized the feasibility of the prediction
models in clinical practice [18]. In this study,
we followed these established tools and re-
commendations and adopted a standardized
research workflow.

Postoperative adjuvant radiotherapy plays an
important role in the multidisciplinary manage-
ment of soft tissue sarcoma and contributes to
better local control [24]. Nevertheless, postop-
erative adjuvant treatment strategies have not
yet been widely standardized. Its therapeutic
efficacy and safety remain under investigation.
The CRM developed in our research may pro-
vide a useful basis for the development of post-
operative adjuvant treatment strategies in pa-
tients with STS. In resource-constrained health-
care settings, the CRM can improve resource
allocation by identifying high-risk patients for
intensified management while helping low-risk
patients avoid unnecessary interventions.

Older age portends worse outcomes. This may
be related to frailty, comorbidity and immu-
nosenescence, which may reduce tolerance
to multimodality therapy and impair antitumor
immunity. This can lead to earlier treatment
de-escalation and micrometastatic escape
[25, 26]. Adjuvant chemotherapy can improve
survival primarily by eradicating occult micro-
metastases in high-risk resected disease, al-
though its benefit varies across regimens and
histotypes [27]. Depth of tumor measures an-
atomical boundaries and pathways of exten-
sion. Deeply located lesions track along fascial
compartments and critical structures, raising
the risk of positive surgical margins and vas-
cular invasion and subsequently lead to local
recurrence and distant metastasis [28, 29].
Histological grade, particularly a high FNCLCC
grade, is indicative of more aggressive tumor
biology and is associated with poorer survival
outcomes and is more prone to distant recur-
rence [25]. Surgical margin status critically im-
pacts local control. Negative margins greater
than 1 mm are associated with a substantially
lower risk of local recurrence and negative
margins above 5 mm offer optimal 5-year local-
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recurrence-free survival [30]. Regional lymph
node involvement suggests a biologically agg-
ressive phenotype that can spread both in the
form of lymphovascular and hematogenous
spread. Its presence is associated with a dra-
matic decline in both 6-year overall survival
and disease-free survival [31]. Histological sub-
type is an independent determinant of clinical
outcomes. Well-differentiated liposarcoma in
liposarcoma is associated with good survival
(5-year rates exceeding 82%), whereas dedif-
ferentiated and pleomorphic subtypes are link-
ed to poor prognoses [29, 32]. Tumor size one
of the most significant determinants of progno-
sis in soft tissue sarcoma. Tumors larger than
5 cm are more likely to develop hypoxia, necro-
sis and to exhibit early micrometastatic spread,
which is associated with worse survival [25, 29,
33].

This study employs a single-center training
cohort and a temporal validation cohort. This
design helps maintain data consistency and it
is easier to handle when it comes to privacy
and costs. The uniform clinical environment
and standardized data collection procedures
make data preprocessing and feature engi-
neering easier and less likely to be affected by
heterogeneity. The analysis and model deve-
lopment are also made easier by using data
from only a single institution since ethical and
privacy monitoring can be done more easily.
Temporal validation allows assessment of the
model’s stability across patients from different
time periods and may also help identify possi-
ble temporal drift and thus improve predictive
reliability [34].

Despite these advantages, the study inherently
presents several limitations. It casts doubt on
the model generalizability since the model may
overfit institution-specific patient characteris-
tics, and thus the predictions could be biased.
The model development and validation in our
research is primarily based on retrospective
data [35], additional evidence in prospective
studies should be done. Given the biological
heterogeneity of STS subtypes, further investi-
gation is needed to determine whether the
model can be applied to different subgroups.
To enhance reliability, generalizability, and cli-
nical translational value of the model, future
validation involving multicenter, large-scale and
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more representative cohorts is inevitable to
enhance the model further.

There was a small calibration drift in the valida-
tion cohort with later time points. It is probably
because the temporal validation cohort has a
shorter follow-up period, meaning that less
patients are at risk and there is more censor-
ing late on. Due to the small quantity of long-
term occurrences, the stability of observed
probabilities might be decreased and apparent
inconsistencies in calibration can occur. In par-
ticular, the model demonstrated a good corre-
spondence of the predicted and observed re-
sults throughout the clinically meaningful fol-
low-up period, which confirms the validity of the
model to predict short to mid-term results,
although it should be used with caution when
extrapolated into the long term.

Conclusion

In summary, we developed a machine learning
model (CRM) to predict recurrence in STS pa-
tients with great precision after radical surgery.
The CRM demonstrates high predictive perfor-
mance, good calibration, and consistent clini-
cal net benefit in an independent validation
cohort. Due to its high accuracy and reliability,
the CRM may be used as an effective tool to
predict postoperative recurrence and guide
adjuvant treatment strategies in STS patients.
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Table S1. Feature subsets after WM feature selection

Models Feature subset

RSF Margin; Pathology Subtype

GAMB Age; Chemotherapy; Chemotherapy sensitive subtype; Depth; Grade; Margin; Pathology Subtype; Site

GLMB Chemotherapy; Chemotherapy sensitive subtype; Depth; Grade; Margin; N stage; Pathology Subtype;
Radiotherapy; Sex; Site

CIT Age; Margin; Pathology Subtype; Size

CRF Depth; Margin; Pathology Subtype; Sex; Site; Size

COXPH Age; Chemotherapy; Chemotherapy sensitive subtype; Depth; Grade; Margin; N stage; Pathology
Subtype; Size

KM N stage

NAE Chemotherapy; Margin; Pathology Subtype

AORSF Depth; Grade; Margin; Pathology Subtype; Radiotherapy

PR Chemotherapy sensitive subtype; Grade; Margin; Pathology Subtype; Site; Size

ST Chemotherapy; Depth; Grade; Margin; Pathology Subtype; Sex

WM, Wrapper method; RSF, Random Survival Forest; GAMB, Generalized Additive Models via Gradient Boosting; GLMB,
Generalized Linear Models via Gradient Boosting; CIT, Conditional Inference Tree; CRF, Conditional Random Forest; COXPH,
Cox Proportional Hazards Model; KM, Kaplan-Meier Estimator; NAE, Normalized Absolute Error; AORSF, Accelerated Oblique
Random Survival Forest; PR, Penalized Regression; ST, Survival Tree.
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Figure S1. Concordance index of 121 machine learning models. The C-index for the 121 machine learning models
was calculated for the training cohort and the validation cohort. Ranking of the models was based on the average
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Figure S2. Evaluating the calibration of CRM by calibration curves. A. Calibration curves in 1-year in training cohort;
B. Calibration curves in 3-year in training cohort; C. Calibration curves in 5-year in training cohort; D. Calibration
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