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Abstract 

Background Current clinical guidelines recommend the use of clinical prognostic models (CPMs) for therapeutic 
decision-making in sarcoma patients. However, the number and quality of developed and externally validated CPMs 
is unknown. Therefore, we aimed to describe and critically assess CPMs for sarcomas.

Methods We performed a systematic review including all studies describing the development and/or external 
validation of a CPM for sarcomas. We searched the databases MEDLINE, EMBASE, Cochrane Central, and Scopus 
from inception until June 7th, 2022. The risk of bias was assessed using the prediction model risk of bias assessment 
tool (PROBAST).

Results Seven thousand six hundred fifty-six records were screened, of which 145 studies were eventually included, 
developing 182 and externally validating 59 CPMs. The most frequently modeled type of sarcoma was osteosarcoma 
(43/182; 23.6%), and the most frequently predicted outcome was overall survival (81/182; 44.5%). The most used 
predictors were the patient’s age (133/182; 73.1%) and tumor size (116/182; 63.7%). Univariable screening was used 
in 137 (75.3%) CPMs, and only 7 (3.9%) CPMs were developed using pre-specified predictors based on clinical knowl-
edge or literature. The median c-statistic on the development dataset was 0.74 (interquartile range [IQR] 0.71, 0.78). 
Calibration was reported for 142 CPMs (142/182; 78.0%). The median c-statistic of external validations was 0.72 (IQR 
0.68–0.75). Calibration was reported for 46 out of 59 (78.0%) externally validated CPMs. We found 169 out of 241 
(70.1%) CPMs to be at high risk of bias, mostly due to the high risk of bias in the analysis domain.

Discussion While various CPMs for sarcomas have been developed, the clinical utility of most of them is hindered 
by a high risk of bias and limited external validation. Future research should prioritise validating and updating existing 
well-developed CPMs over developing new ones to ensure reliable prognostic tools.
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Background
Sarcomas are a diverse group of malignant soft-tissue 
or bone tumors arising from mesenchymal tissue, clas-
sified as a rare disease with an estimated incidence of 
5 cases per 100,000 [1, 2]. While sarcomas only make 
up 0.9% of adult cancers, they account for 15–20% of 
childhood cancers diagnosed in the USA [2, 3]. The 
5-year survival rate is about 70%, but greatly depends 
on patient-specific and tumor-specific factors and can 
be as low as 16.7% in patients with metastasis [3, 4]. 
The Surveillance, Epidemiology, and End Result Pro-
gram (SEER) estimates 13,590 new cases in the USA in 
2024 with 5200 estimated deaths [3]. Due to their rarity, 
heterogeneous nature, and poorly predictable clinical 
course, the clinical management of sarcomas remains 
challenging. Notably, the survival probabilities of sar-
coma patients vary between and within different sar-
coma subtypes. For example, it has been shown that the 
5-year overall survival (OS) rate of synovial sarcoma 
patients differs between genders, with a rate of 35.6% 
for males and a rate of 68.7% for females [5].

Clinical prognostic models (CPMs) may enable more 
precise outcome prediction and allow for risk-stratified 
clinical decision-making in patients with sarcomas [6, 
7]. The current ESMO-EURACAN-GENTURIS clinical 
practice guideline published by the European Society of 
Medical Oncology (ESMO) states that risk-predicting 
tools have identified a threshold of risk (< 60% 10-year 
OS) above which the administration of chemotherapy 
may provide statistically and clinically significant benefits 
and thereby recommend the use of such prediction mod-
els [7].

While the high predictive performance of a CPM does 
not necessarily improve therapeutic decision-making, 
the accuracy and performance of a CPM are essential 
when considering implementing a CPM in routine clini-
cal practice. To ensure that CMPs are transportable from 
the development cohort to a different cohort of patients, 
e.g. in a different country, the use of high methodological 
standards for development and rigorous external valida-
tion are essential. However, a systematic review assess-
ing the risk of bias in prediction models developed using 
supervised machine learning showed that most included 
studies used poor methodology and are at high risk of 
bias [8, 9]. A major contributing factor to the high risk 
of bias was a small sample size and too few events during 
the development phase [9]. Complexities of the collected 
data such as censoring were rarely accounted for in those 
models [9]. Moreover, more than half of the included 
models were not adequately reported and are therefore 
not available for independent validation [9]. These results 
were corroborated by a systematic review of prediction 
models for patients with chronic lymphocytic leukemia 

in which poor reporting standards and a high risk of bias 
were found for all included CPMs [10].

While various CPMs for sarcomas have been published 
over the past years, only a minority (e.g. “Sarculator” and 
“PERSARC”) are used in clinical practice. This may be 
largely due to a lack of knowledge of the performance of 
developed CPMs and the number of external validations 
of these CPMs.

Therefore, the aims of this systematic review were to 
systematically review and critically assess the CPM land-
scape in the field of sarcomas.

Methods
This systematic review reported the following aspects of 
the Preferred Reporting Items for Systematic Reviews 
and Meta-Analyses (PRISMA) statement [11]. This study 
was registered in PROSPERO on August 12th, 2022 
(CRD42022335222).

Information sources and search strategy
We performed a literature search in Medline, EMBASE, 
Cochrane Central and Scopus on June 7th, 2022. No fil-
ters, date or language restrictions were applied. The 
search strategy was developed and conducted by an 
information specialist and details about the literature 
search are presented in the Supplementary Table S1.

Eligibility criteria
We included CPM studies for any kind of sarcoma that 
were developed or validated on cohort studies, ran-
domised controlled trials, nested case–control studies, 
case-cohort studies, databases, or registries [12]. A CPM 
was defined as a prognostic model that includes only pre-
dictors readily available in clinical practice (e.g. patient’s 
sex, patient’s age, tumor size, tumor grade). Therefore, 
studies that developed or validated prognostic mod-
els that included pathological, biological or radiological 
variables not commonly used in clinical practice were 
excluded. The decision about which predictors are com-
monly available in clinical practice was independently 
made by two reviewers and the discrepancy was resolved 
by discussion or involvement of a third reviewer. Accord-
ing to Riley et  al., a random split of the development 
dataset is not considered a true external validation [13]. 
Therefore, we defined that models whose performance 
was evaluated using a random split technique were only 
internally validated. Table 1 presents the PICOTS format 
used for eligibility assessment.

Study selection, data collection process and analysis
After the literature search, studies were de-duplicated 
using Endnote 20 and then imported into Rayyan [14]. 
The abstract screening was conducted on Rayyan [14], 
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subsequently followed by full-text screening. Data were 
extracted using Microsoft Excel. Title screening, data 
extraction and risk of bias assessment were done inde-
pendently and in duplicate (PH, SMC). Discrepancies 
were resolved by discussion or by consultation of a third 
reviewer (BF, OCC). The collected variables are pre-
sented in Supplementary Table  S5. For discrimination, 
the c-index and area under the receiver operating char-
acteristic curve (AUC) were combined and are jointly 
referred to as AUC in this manuscript. The risk of bias 
of each developed and/or validated CPM was assessed 
using the prediction model risk of bias assessment tool 
(PROBAST) [15]. PROBAST assesses the risk of bias 
over four domains: participant selection, predictors, 
outcomes, and analysis. If at least two questions of one 
domain were rated as “probably no” or “no”, the whole 
domain was rated to be at high risk of bias. If at least 
two questions of one domain were rated as “No informa-
tion”, the whole domain was rated to be of unclear risk of 
bias. Each domain is rated to be of low, high or unclear 
risk of bias. When investigators assessed more than one 
domain to be of high risk of bias, the whole study was 
ranked to be of high risk of bias, irrespective of the other 
two domains being of unclear or low risk of bias. At the 
time of writing this review, no complete guidance on 
the application of the GRADE system for CPM devel-
opment/validation studies was published. Therefore, no 
GRADE assessment was conducted for this review. We 
qualitatively summarised the results of this review using 
descriptive statistics. Data were analyzed using R Statisti-
cal Software (version 4.3.1) [16].

Results
After deduplication, we retrieved 7656 records. After the 
abstract screening, 181 full-text articles were assessed for 
eligibility. Of those, 31 were excluded because the study 
population included non-sarcoma patients. Five stud-
ies were excluded since some of the variables that were 

included in the CPM were judged to not be available in 
routine clinical practice. A total of 145 studies develop-
ing 182 CPMs and externally validating 59 CPMs were 
included. Figure  1 presents the flow diagram for study 
selection.

Datasets for CPM development
One hundred seventy models (170/182; 93.4%) were 
developed using retrospective data, 10 models (10/182; 
5.5%) were developed on prospectively collected data and 
2 models (2/182; 1.1%) were developed using a combina-
tion of retrospectively and prospectively collected data. 
Most models (109/182, 59.9%) were developed using 
the Surveillance, Epidemiology, and End Results Pro-
gram (SEER) dataset. Of the models not developed on 
the SEER dataset, single-institution datasets were used 
in the development of 50 models (50/182; 27.5%), multi-
institutional datasets in 22 models (22/182; 12.1%), and 
one model (1/182; 0.5%) utilised data from the National 
Cancer Database. Only 15 (15/182; 8.2%) CPMs were 
developed on a multi-national dataset. None of the mod-
els developed on multi-institutional datasets accounted 
for clustering between institutions.

The median sample size was 635 (IQR 317.0–1110.5), 
but no study provided justification for the sample size. 
The median number of events was 201.5 (IQR 119.2–
316.8), however, the number of events was not provided 
for 102 CPMs (102/182; 56.0%).

CPM development
In the development process of 135 models (135/182; 
74.2%), continuous variables were categorised, with 
data-driven methods being the most common approach 
(47/182, 25.8%). Twelve models (12/182; 6.6%) included 
continuous predictors using restricted cubic splines as a 
method of modelling non-linear relationships between 
continuous variables and the outcome, while 28 models 
(28/182; 15.4%) included continuous predictors as linear 

Table 1 PICOTS format used for eligibility assessment

PICOTS framework Eligibility criteria for this systematic review

P—Participants Patients with a histological diagnosis of soft tissue or bone sarcoma

I—Index models All clinical prognostic models predict overall survival, event-free survival, progression-free survival, 
disease-specific survival/sarcoma-specific survival, progression of disease, local recurrence rate, systemic 
recurrence rate and development of metastasis

C—Comparator Not applicable because we aim to identify all models that were developed and/or validated for sarcomas

O—Outcome Overall survival, event-free survival, progression-free survival, disease-specific survival/sarcoma-specific 
survival, progression of the disease, local recurrence rate, systemic recurrence rate and development 
of metastasis

T—Timing Any timing starting with the date of pathologically established diagnosis

S—Setting Any setting
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variables. Table 2 describes the handling of missing data 
during the development and external validation of the 
included CPMs.

Table  3 describes the histological entities that CPMs 
were developed for, the predicted outcomes and included 
predictors. The median number of candidate predictors 
was 10.5 (IQR 8.8–13.0), though the number of candi-
date predictors was not available for 18 models (9.9%). 
The median number of events per variable was 20.0 
(IQR 11.4–39.9), and the median number of predictors 
included in the final model was 5.0 (IQR 4.0–6.0). Sup-
plementary Figure S1 presents a bar chart of the 10 most 
frequently considered and included predictors.

Cox proportional hazards regression (146/182, 80.2%) 
was the most widely used statistical model, followed by 
logistic regression (14/182, 7.7%) and the Fine and Gray 
competing risks model (12/182, 6.6%). Univariable selec-
tion of predictors was performed in 137 of 182 models 
(75.3%), multivariable selection without prior univari-
able selection in 11 models (11/182; 6.0%), and predictors 

Fig. 1 Flow diagram of selected articles

Table 2 Missing data handling during development and 
external validation

a Missing data was provided for each variable

Overall N = 241 Development 
only n = 182

External 
validation only 
n = 59

Missing data reporting

 None 178 (74.2%) 138 (75.8%) 40 (67.8%)

 Overall 40 (16.7%) 32 (17.6%) 8 (13.6%)

  Detaila 23 (9.6%) 12 (6.6%) 11 (18.6%)

Missing data method

 Complete case 161 (67.1%) 129 (70.9%) 32 (54.2%)

 Multiple imputa-
tion

6 (2.5%) 6 (3.3%) 0

 Unclear 73 (30.4%) 47 (25.8%) 27 (45.8%)

 Assumed mech-
anism of missing-
ness reported

1 (0.4%) 1 (0.5%) 0
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were pre-specified using expert opinion or literature in 
only 7 models (7/182; 3.9%).

No performance measure was reported for 9 (9/182; 
5.0%) CPMs. A measure of discrimination was reported 
for 89.6% (163/182) of developed CPMs. The median 
reported AUC was 0.74 (IQR 0.71–0.78). Calibration 
was reported for 142 (142/182; 78.0%) CPMs and the 
only reported measure of the calibration was the calibra-
tion plot (142/142; 100%). DCA was only rarely reported 
(41/182; 22.5%).

CPM validation
Of 182 developed models, internal validation was per-
formed for 116 models (63.7%). The most common form 
of internal validation was split sample (67/116; 57.8%), 
followed by bootstrapping (30/116; 25.9%), cross-vali-
dation (10/116; 8.6%) and a combined approach of split 

sample and bootstrapping (13/116; 11.2%). Forty-two 
(62.7%) of the 67 CPMs that were internally validated 
using a random split sample were classified as external 
validation by the authors of the respective studies.

Fifty-nine models (59/182; 32.4%) were externally vali-
dated, of which 29 models (29/59; 49.2%) were devel-
oped in the same study. Thirty models (30/59; 50.8%) 
were externally validated after their development was 
described in a previously published paper. Nine models 
(9/59; 15.3%) were externally validated based on prospec-
tively collected data. Only 8 CPMS (8/59; 13.6%) were 
validated on a multi-national dataset. The median sample 
size was 307.0 (IQR 115.5–631.0).

Fifty-six out of 59 external validations (94.9%) reported 
at least one measure of discrimination. The median AUC 
of all external validations was 0.72 (IQR 0.68–0.75). 
Calibration was only reported for 46 out of 59 (78.0%) 

Table 3 Outcomes and predictors of included CPMs

Overall N = 241 Development n = 182 External 
validation 
n = 59

Sarcoma entity

 Osteosarcoma 54 (22.4%) 46 (25.3%) 8 (13.6%)

 Ewing sarcoma 29 (12.0%) 25 (13.7%) 4 (6.8%)

 Soft-tissue sarcoma 61 (25.3%) 21 (11.5%) 40 (67.8%)

 Chondrosarcoma 26 (10.8%) 19 (10.4%) 7 (11.9%)

 Leiomyosarcoma 13 (5.4%) 13 (7.1%) 0 (0.0%)

 Angiosarcoma 10 (4.1%) 10 (5.5%) 0 (0.0%)

 Liposarcoma 8 (3.3%) 8 (4.4%) 0 (0.0%)

 Rhabdomyosarcoma 7 (2.9%) 7 (3.8%) 0 (0.0%)

Outcomes

 Overall survival 101 (41.9%) 81 (44.5%) 20 (33.9%)

 Cancer-specific survival 70 (29.0%) 56 (30.7%) 14 (23.7%)

 Distant metastasis 14 (5.8%) 10 (5.5%) 4 (6.8%)

 Local recurrence 10 (4.1%) 8 (4.4%) 2 (3.4%)

 Disease-free survival 9 (3.7%) 4 (2.2%) 5 (8.5%)

 Lung metastasis 3 (1.2%) 3 (1.6%) 0 (0.0%)

 Metastasis-free survival 3 (1.2%) 3 (1.6%) 0 (0.0%)

 Progression-free survival 3 (1.2%) 3 (1.6%) 0 (0.0%)

 Other 28 (11.6%) 14 (7.7%) 14 (23.7%)

Ten most included predictors

 Age 179 (74.3%) 133 (73.1%) 46 (78.0%)

 Size 149 (61.8%) 116 (63.7%) 36 (61.0%)

 Grade 103 (42.7%) 71 (39.0%) 32 (54.2%)

 Surgery 77 (32.0%) 69 (37.9%) 8 (13.6%)

 Site 71 (29.5%) 58 (31.9%) 13 (22.0%)

 Stage 61 (25.3%) 56 (30.8%) 5 (8.5%)

 Sex 41 (17.0%) 34 (18.7%) 7 (11.9%)

 Chemotherapy 39 (16.2%) 33 (18.1%) 6 (10.2%)

 Histological type 63 (26.1%) 29 (15.9%) 34 (57.6%)

 Race 24 (9.9%) 21 (11.5%) 3 (5.1%)
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externally validated CPMs. A DCA was only provided for 
7 out of 59 (11.9%) external validations.

Risk of bias
Of the 241 evaluated models, 169 (70.1%) were at high 
risk of bias, 45 (18.7%) were at unclear risk of bias and 
only 27 models (11.2%) were at low risk of bias. A sum-
mary of the risk of bias for each dimension is presented 
in Fig. 2 and Supplementary Table S7.

Discussion
In this systematic review of CPMs for sarcomas, we 
identified 182 CPMs. Despite the abundance of avail-
able CPMs in the current literature, a considerably high 
proportion suffered from poor methodological conduct 
(70.8% had a high risk of bias), lack of independent exter-
nal validation (67.6% of developed CPMs were not exter-
nally validated), inadequate reporting of performance 
and in particular calibration metrics (22.0% reported 
no calibration metric), lack of sample size calculation 
(none presented a sample size calculation) and ineffi-
cient handling of missing data (70.9% applied complete 
case analysis). The most common dataset was the SEER 
cancer dataset which hosts freely available cancer data 
maintained by the National Cancer Institute in the USA. 
This dataset encompasses roughly 48% of the total cancer 

population in the USA [17]. While this dataset contains a 
large number of observations, certain predictors are not 
reported in enough detail (such as pathological informa-
tion or type of chemotherapy).

We found that only 32.4% of identified CPMs were 
externally validated. This is largely in line with a previous 
review of prognostic prediction models using machine 
learning in oncology where a proportion of 24% was found 
[9]. Furthermore, 62.7% of internal validations that used 
the random split-sample approach, were wrongly classified 
as external validations. However, external validations are a 
prerequisite for the use of a CPM in clinical practice [18]. 
As a CPM cannot be validated on every patient popula-
tion (e.g. each individual geographical region), it has been 
argued that a validated CPM may not exist [19]. Never-
theless, external validations are indispensable to assess 
the transportability of a CPM [18, 20]. As we found that 
only a minority of CPMs were externally validated, future 
research should prioritise external validation over the 
development of CPMs. Published recommendations for 
the validation of CPMs should be followed [13, 18, 20–25].

Since prediction models are used to guide physicians and 
patients in making a joint decision about future therapy, 
the performance of a CPM needs to be rigorously evalu-
ated [26]. However, we found that 5% of included CPMs 
did not report any performance measures. In 22% of the 

Fig. 2 Risk of Bias of all included CPMs (A), of all developed CPMs only (B), of all externally validated CPMs only (C)
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included models, no metric of calibration was reported. 
This figure is higher than the number that has been 
reported in a systematic review of prognostic prediction 
models in oncology (7%) published in 2022 [9]. A poten-
tial explanation is that studies included in this system-
atic review might have adhered more closely to reporting 
guidelines. However, neither this study nor the study by 
Dhiman et al. assessed the adherence to a reporting guide-
line [9]. The reporting of calibration measures is important 
as the accuracy of the point-estimate of the predicted risk 
may have significant implications for treatment decisions 
and ultimately impact patient outcomes [27, 28].

None of the studies included in this review described 
an adequate sample size calculation prior to the develop-
ment or external validation of their CPM. This finding 
is in line with the results from other systematic reviews 
that critically assessed the methodological conduct of 
prognostic modelling studies [29]. However, an adequate 
sample size during model development determines the 
stability of a CPM, while during model validation it influ-
ences the precision of estimates and width of confidence 
intervals of performance statistics [30]. Extensive guid-
ance on sample size considerations for CPM develop-
ment (Riley et al., 2019 [31, 32]) and external validation 
(Collins et al., 2015 [33]) has been published.

We found that the most frequently (70.9%) used method 
for handling missing data was complete case analysis. This 
is higher than reported in the previous systematic review 
of prognostic models for sarcomas [9]. The complete case 
approach is only valid when data can be assumed to be miss-
ing completely at random [34]. However, in the majority of 
cases, it is questionable whether this assumption is correct. 
Only one of the studies included in this review described 
the assumed mechanism of data missingness. The problem 
of poor handling of missing data in prediction modelling 
research has been described previously [35]. Missing data 
can lead to biased estimates of model parameters, resulting 
in inaccurate predictions, overfitting and eventually a low 
generalisability of the CPM [36]. Modern imputation meth-
ods may be used to mitigate the issue of missing data [37]. 
Sensitivity analyses should be conducted to quantify the 
effect of missing data and different imputation methods on 
predicted risks and performance of the CPM.

A model that was developed and subsequently vali-
dated on a multi-institutional and multi-national dataset 
will likely be more generalisable than a model developed 
on a dataset from a single institution [38]. In this system-
atic review, we found that 27.5% of CPMs were developed 
on a dataset from a single institution, only 8.2% were 
developed on a multi-national dataset, and only 13.6% 
were validated on a multi-national dataset.

To mitigate this issue, data harmonisation on an inter-
national level is necessary to be able to merge data from 

multiple institutions and multiple countries. The devel-
opment of a unified dataset is also necessary as the rapid 
changes in the histopathological classification of sarco-
mas due to advances in molecular tumor research pose 
a particular challenge for data harmonisation. The use of 
different hospital information systems, storage of data in 
different databases and ultimately the big quest for data 
privacy further complicate international data sharing 
and migration.(38) In this respect, the use of federated 
learning may represent a viable solution that allows to 
development of a machine learning or classical statistical 
model without sharing patient data beyond their respec-
tive institution [38, 39]. Federated learning could thereby 
enable multi-institutional collaborations to develop and 
validate CPMs [38].

This systematic review has several limitations. Our lit-
erature search might have missed studies that did not 
mention the development or external validation of a CPM 
in the title or abstract of their manuscript. Furthermore, 
the literature search focused on the term “survival”, “pro-
gression” and “recurrence”. Therefore, studies of CPMs 
predicting other outcomes might have been missed. A 
scoping review during the specification of the literature 
search has shown that the vast majority of studies devel-
oping or validating a CPM for sarcomas focused on such 
an outcome which is the reason that the final literature 
search only included these search terms. As sarcomas 
are a group of cancers with an expected life expectancy 
of several years, short-term outcomes (such as time until 
discharge from hospital) might be less reported [40]. 
Moreover, some studies used a CPM to stratify patients 
into risk categories and reported the predicted as well as 
observed risk in their study group, thereby unintention-
ally performing an external validation of the respective 
CPM [41]. These studies are inherently difficult to identify 
because the use of a CPM for stratification might not have 
been mentioned in the title or abstract. Our search strat-
egy was performed nearly 2 years ago and more CPMs for 
sarcomas have been published in the meantime. However, 
given the large amount of CPMs included in our review, 
including studies published after June 7, 2022 would likely 
not change our conclusions or recommendations.

In conclusion, we found that the majority (70.8%) of 
included models were at high risk of bias and suffered 
from poor methodological conduct. Therefore, use in 
routine clinical practice may not be recommended for 
most published CPMs of sarcomas. As most risk of bias 
stemmed from the analysis domain, researchers should 
consider published guidance on the development and 
external validation of CPMs. As only 32.4% of CPMs 
were externally validated, future research efforts should 
concentrate on the external validation of existing CPMs 
rather than on the development of new ones.
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