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Abstract

Purpose: Pediatric adrenocortical tumors (pACTs) are rare and clinically heterogeneous. Existing risk stratification systems rely on fixed
thresholds and linear assumptions, which may limit their prognostic accuracy—particularly for nonmetastatic, locally advanced cases. We
aimed to develop an interpretable machine learning (ML) model for individualized survival prediction using only routine clinical features.

Methods: \We retrospectively analyzed 97 patients with pACT from the German Pediatric Oncology Hematology-Malignant Endocrine Tumors
Registry (1997-2024). An Extreme Gradient Boosting Cox proportional hazards model was trained using 4 features—tumor volume, distant
metastases, pathologic T stage, and resection status—identified via systematic feature evaluation across 11737 model combinations.
Performance was assessed using a stratified 80/20 train—test split, 500 bootstrap iterations, and Harrell’'s concordance index (C-index).
SHapley Additive exPlanations (SHAP) were used for interpretability.

Results: The model achieved strong prognostic performance (test-set C-index: 0.925; bootstrap mean: 0.891, 95% confidence interval: 0.817-
0.946). SHAP analysis confirmed the dominant influence of metastatic status, followed by tumor volume, T stage, and resection status. The
model uncovered nonlinear and additive effects, including a SHAP- and bootstrap-guided tumor volume cut-off (190 mL, 95% confidence
interval 127-910 mL) that only slightly differed from conventional thresholds. Stratification remained robust in subgroups, including
nonmetastatic patients with advanced local disease.

Conclusion: This interpretable ML model enables individualized survival prediction in pACT using only routine clinical data. It offers a clinically
accessible and clinically meaningful complement to existing scoring systems, particularly in patients with ambiguous risk profiles who may
benefit from more personalized management.

Key Words: children and adolescents, adrenocortical tumors, interpretable machine learning model, survival prediction

Abbreviations: ACC, adrenocortical carcinoma; ACT, adrenocortical tumor; C-index, concordance index; Cl, confidence interval; cM, clinical metastatic status;
COG, Children’s Oncology Group; HR, hazard ratio; IBS, integrated Brier score; ML, machine learning; pACT, pediatric adrenocortical tumor; pS-GRAS, pediatric
S-GRAS; SHAP, SHapley Additive exPlanations; XGBoost, Extreme Gradient Boosting.

Pediatric adrenocortical tumors (pACTs) are exceptionally
rare endocrine neoplasms, with an estimated incidence of
0.2 to 0.3 per million children and adolescents per year, ris-
ing to over 3 per million in endemic regions such as southern
Brazil due to the founder variant p.R337H in TP53 [1, 2].
Clinical presentation and prognosis vary widely, ranging

from small, hormonally active tumors with indolent behav-
ior to large or metastatic carcinomas with aggressive clinical
course. Complete surgical resection offers favorable out-
comes in small, localized tumors; however, recurrence oc-
curs in up to 50% of patients with large or incompletely
resected lesions [3, 4]. Outcomes for patients with
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metastatic or relapsed disease remain dismal, with overall
survival below 20% [5-9].

Current treatment protocols typically escalate intensity
only in patients with locally advanced or residual disease or
overt metastases [5, 10]. However, a subset of patients with
initially localized but biologically aggressive tumors may be
undertreated based on existing criteria [3, 5]. The prognostic
stratification of these pACTs remains particularly challenging.

To address this, several clinical, histopathological, and
combined prognostic scoring systems have been proposed
for pACTs. These include the Wieneke score [11], the
Children’s Oncology Group (COG) staging system [5], the
5-item microscopic score [12], the Reticulin algorithm [13],
and the pediatric S-GRAS (pS-GRAS) score [14]. Despite these
efforts, all current tools are fundamentally rule-based and
may not capture the complex, nonlinear interactions among
clinical, pathological, and biological factors—especially in
rare, heterogeneous diseases like pACT.

In contrast, machine learning (ML) approaches have begun
to reshape prognostic modeling in adult adrenocortical carcin-
oma (ACC). Most published studies to date have incorporated
molecular data (eg, transcriptomics, DNA methylation, pro-
teomics) alongside clinical variables to classify tumor subtypes
and predict outcomes [15-19]. Only one study has developed
an ML-based prognostic tool exclusively from routinely avail-
able clinical patient data, using the S-GRAS score components
to estimate individual survival probabilities in adults [20].
Another ML-based model was developed using data from
the SEER (Surveillance, Epidemiology, and End Results)
Registry, which also includes only clinical variables but with
more limited clinical granularity, reflecting its origin as a
population-level epidemiological dataset [21]. To our knowl-
edge, no ML-based prognostic models currently exist for
pACTs. Given the ultra-rare nature of the disease, the afore-
mentioned clinical challenges, and the global disparities in ac-
cess to molecular testing, this is a critical gap [22]. ML models
based solely on universally collected clinical parameters have
the potential to provide globally applicable, accessible, and in-
dividualized prognostic insights.

Among the various ML algorithms suited for clinical pre-
diction, Extreme Gradient Boosting (XGBoost) has demon-
strated strong performance and reliability in structured
medical datasets [23-25]. It builds ensembles of decision
trees with integrated regularization, offering robustness and
flexibility in modeling complex feature interactions while pre-
venting overfitting. In this study, we developed the first inter-
pretable ML-based survival model for pACTs using only
routinely collected clinical variables. To enhance model trans-
parency and interpretability, we used SHapley Additive
exPlanations (SHAP) to visualize the relative contribution of
each feature to the model’s output [26].

Methods

Study Population and Data Source

This retrospective study included pediatric patients (<18
years) diagnosed with adrenocortical tumors (ACTs) enrolled
in the German Pediatric Oncology Hematology—Malignant
Endocrine Tumors Registry between 1997 and December
2024. Inclusion criteria required documentation of diagnosis
(ACC or adrenocortical tumor of undetermined malignant po-
tential), age at diagnosis, and outcome status (survival or
death due to disease progression). After applying these
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criteria, 115 patients were eligible, of whom 97 had complete
data for the selected model variables and were included in the
final analysis.

Ethical Approval and Patient Consent

This study was conducted in accordance with the Declaration
of Helsinki and approved by the ethics committees of the
University of Luebeck (IRB 97125) and Otto-von-Guericke-
University Magdeburg (IRBs 174/12 and 52/22), Germany.
Written informed consent was obtained from all patients and/
or legal guardians at the time of registry enrollment, in accord-
ance with national regulations. All data were pseudonymized
prior to analysis.

Outcome Definition

The primary endpoint was disease-specific mortality, defined
as death attributable to ACT progression. Survival time was
calculated from the date of diagnosis to death or last follow-
up. Patients alive at last follow-up were right-censored.

Variable Selection

Fifteen clinical and pathological variables were initially con-
sidered based on established or suspected prognostic relevance
in pACTs. These included age at diagnosis (years, continu-
ous), age group (<10 years vs >10 years, binary), sex (binary),
interval from symptom onset to diagnosis (weeks, continu-
ous), virilization (binary), Cushing syndrome (binary), tumor
size (cm, continuous), tumor volume (ml, continuous), patho-
logical tumor (pT) stage (categorical: T1-T4), nodal status
(binary), clinical metastasis status (cM; binary), Ki-67 index
(percent, continuous), tumor necrosis (binary), vascular inva-
sion (binary), and resection status after initial surgery (RO vs
other, binary).

Clarification of nodal and metastatic status: when both clin-
ical and pathological nodal information were available, the
pathological nodal superseded the clinical nodal; if patho-
logical nodal assessment was unavailable, clinical nodal (im-
aging) was used. ctM was determined clinically by imaging
per registry standards at diagnosis.

Model Development and Feature Selection

To identify the most suitable prognostic model, we systemat-
ically evaluated all valid combinations of 3 to 7 features
drawn from the 15 a priori candidates, excluding redundant
pairings (eg, tumor size with volume, continuous age with
age group). This yielded 11 737 candidate models (3 features:
429; 4 features: 1210; 5 features: 2442; 6 features: 3630; 7
features: 4026).

For each feature set, we performed a single stratified 80/20
train—test split (preserving the event/censoring ratio) using a
fixed random seed (random_state =42) for reproducibility;
the split was rerun per feature set to avoid coupling the evalu-
ation across different sets. All model development (feature-set
evaluation and hyperparameter tuning) was restricted to the
training data.

Models were fitted with XGBoost using a Cox proportional
hazards objective (objective=“survival:cox”, eval
metric=“cox-nloglik”). Survival labels were encoded as
a signed time vector to interface with scikit-learn. A cus-
tom scorer was implemented to recover time and event indica-
tors, and the concordance index (C-index) was computed using
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index censored. function was used to compute the
C-index. Within the training set, RandomizedSearchCV
with 3-fold cross-validation was applied to optimize hyper-
parameters by maximizing the cross-validated C-index. The
best hyperparameters for each feature set were then fixed and
used for subsequent evaluations.

Model Ranking and Final Feature Selection

For ranking, each candidate model’s performance was sum-
marized by the mean C-index from an internal bootstrap re-
sampling of the training set (see Internal Validation for
details). In case of ties or negligible differences [overlapping
95% confidence intervals (Cls) and <0.01 absolute difference
in mean C-index], we preferred the more parsimonious feature
set and, secondarily, the single-run test-set C-index.

The final model retained 4 features based on predictive per-
formance and clinical interpretability:

Pathologic T stage

Presence of distant metastases

Resection status after initial surgery (RO vs other)
Tumor volume (mL)

Variables such as continuous age, binary age group (<10 vs
>10 years), Ki67, and hormone secretion were evaluated dur-
ing model selection but were not retained because they did not
add measurable prognostic value once the aforementioned 4
features were included.

Following final feature selection, we adopted a complete-
case approach for these 4 variables. Of the 115 eligible pa-
tients, 97 had nonmissing values for tumor volume, resection
status, pT stage, and metastases status and were included in
model training and evaluation. Given that these variables re-
flect core disease biology and surgical outcome, we did not im-
pute them, as extrapolation was deemed neither reliable nor
appropriate.

Hyperparameter Optimization

The optimal hyperparameter combination, selected via 3-fold
cross-validation on the training set and held fixed for all sub-
sequent model retraining, was

learning rate: 0.03
max_depth: 4
n_estimators: 150
min child weight:1
subsample: 0.8
colsample bynode: 0.5
reg_alpha: 0.01

reg lambda: 0.1

This parameter set was applied consistently during boot-
strap retraining of the final model.

Internal Validation and Model Evaluation

Because of the limited sample size, we avoided relying on a sin-
gle train—test split for model evaluation. Instead, we applied
a nested and bootstrapped validation strategy to assess gener-
alizability and correct for potential optimism in performance
estimates. For each candidate feature set, hyperparameters

were tuned using 3-fold cross-validation within the training
set only (RandomizedSearchCV), ensuring that model opti-
mization remained fully independent of the test set.

The final model was then evaluated on a fixed, untouched
test set (20% of the original cohort), which had been held
out from the beginning of model selection. To obtain
optimism-corrected performance estimates, we conducted
500 bootstrap iterations. In each iteration, 80% of the train-
ing data was resampled with replacement, and the model
was retrained using the fixed hyperparameters. Performance
was evaluated on the independent test set, and the mean
Harrell’s C-indices with 95% ClIs were computed across all
iterations.

To further probe internal robustness, we also ran nested
cross-validation across the entire dataset, with outer folds
used for evaluation and inner folds for hyperparameter tun-
ing; the distribution of resulting C-indices is shown in
Fig. S1 [27]. Finally, to examine whether the available cohort
size was sufficient for stable training, we constructed a learn-
ing curve by incrementally increasing the proportion of train-
ing data and recording model performance (Fig. S2 [27]).

Stratified splitting preserved event distribution, resulting in
77 patients (23 events) in the training set and 20 patients (6
events) in the independent test set. This combined nested,
bootstrapped, and learning-curve evaluation provided a ro-
bust internal estimate of model discrimination while mitigat-
ing the risk of overfitting.

Brier Score and Calibration Analysis

To complement discrimination metrics with a measure of cali-
bration, we computed the time-dependent Brier score on the
independent test set. The Brier score reflects the squared dif-
ference between predicted survival probability and observed
survival status at a given time point, thereby integrating as-
pects of both discrimination and calibration into a single met-
ric: lower values indicate better performance.

To obtain an aggregate measure of predictive error across
the entire follow-up period, we calculated the integrated
Brier score (IBS), which integrates the Brier score across all ob-
served time points and provides a summary of the model’s
average prediction error over time. All computations were
performed using the pySurvival and sksurv packages. No add-
itional bootstrapping was applied to the IBS calculation.

Model Explainability Using SHAP

To enhance clinical interpretability and transparency of the
survival model, we applied SHAP, a cooperative game theory-
based approach that quantifies the contribution of each input
feature to an individual prediction. For each patient, SHAP
values indicate whether a specific feature increases or de-
creases their predicted risk and by what magnitude.

Two types of visualizations were generated: SHAP sum-
mary plots, which display the direction and magnitude of
feature effects across the entire cohort, and SHAP depend-
ence plots, which illustrate how specific feature values
(eg, tumor volume) influence model output and help identify
potential nonlinear relationships or threshold effects.
These explainability tools provide both global insights into
feature relevance and individualized interpretation of
risk profiles, thereby supporting clinical applicability and
decision-making.
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Determining and Evaluating a Tumor Volume
Cut-off

Given the clinical relevance of tumor size, we sought to iden-
tify an interpretable, data-driven threshold in tumor volume
that best discriminated between high- and low-risk patients.
SHAP values for tumor volume were first extracted from the
fitted XGBoost—Cox model, representing the marginal contri-
bution of tumor volume to predicted risk for each patient. We
then systematically scanned the distribution of tumor volumes
to identify the threshold that maximally separated patients
into high- and low-risk groups.

To evaluate the stability of this threshold, we conducted
500 bootstrap resampling iterations with model refitting and
calculated a 95% CI for the optimal cut-off. In addition, re-
peated stratified cross-validation (5 X 5) was used to assess
consistency across different training folds. To further charac-
terize interactions, a SHAP dependence analysis examined the
joint influence of tumor volume and metastatic status.

Finally, the discriminatory strength of the cut-off was tested
by dichotomizing the full cohort at the derived threshold and
computing the C-index in both training and test sets, thereby
providing an independent check of its prognostic utility.

The stability of the SHAP-informed, bootstrap-derived tu-
mor volume cut-off was further assessed by visualizing its dis-
tribution across 500 bootstrap iterations, the corresponding
empirical cumulative distribution, and repeated cross-
validation resamples (Figs. S3-S5 [27]).

Computation of Absolute Survival Probabilities

Although the XGBoost model was trained to estimate relative
risks (log-hazards), we also derived absolute survival probabilities
S(t x) for each patient to enhance clinical interpretability. For
this purpose, we applied the Breslow estimator, which permits
survival curve estimation even in complex, nonlinear models.

For each patient i, the model’s output f(x;) was trans-
formed into a risk score:

ri =exp (f(x;)

At each observed event time ), the cumulative baseline haz-
ard was estimated as:

d,

Hy(ty) = S o7
Lityy <ty “~7€R1 "7

where d; is the number of events at time #;, and R, is the set of
patients still at risk at that time.
The baseline survival function was then computed as:

So(t) = exp [—Ho(?)]

Finally, the individual survival probability for patient i was
given by:

81 x:) = So(®)"
This approach enables the generation of personalized survival

curves, offering a more intuitive clinical presentation of risk
beyond relative hazard estimates.

Subgroup Analysis by COG Stage

To explore the clinical utility of the ML model within established
staging frameworks, we performed subgroup analyses according
to COG stage, the most widely used system for pACTs.
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Within each stage, patients were stratified into ML-high
and ML-low risk groups based on the stage-specific median
of the predicted risk scores. Kaplan—-Meier survival curves
were generated for these subgroups and compared using
the log-rank test. When survival differences reached statistical
significance, hazard ratios (HRs) with 95% Cls were reported.

Because sample sizes within individual stages were small,
these analyses were performed on the entire cohort (training
and test sets combined) and should be considered explora-
tory. Nonetheless, they provide insight into whether the
ML-derived risk score adds prognostic resolution beyond
traditional staging.

Results

Patient Characteristics

Of the 1135 eligible pediatric patients with ACTs, 97 patients
with complete data for the selected model features were in-
cluded in the final analysis. The cohort comprised 63 females
(64.9%) and 34 males (35.1%); 85 patients (87.6%) were di-
agnosed with ACC, and 12 (12.4%) with adrenocortical tu-
mor of undetermined malignant potential. The median age
at diagnosis was 5.1 years (range: 0.2-17.8 years). A detailed
summary of clinical and pathological characteristics is pre-
sented in Table 1.

At the time of analysis, 29 patients (29.9%) had died due to
disease progression. The median follow-up for surviving pa-
tients was 7.0 years (range, 0-20.7).

Model Performance

The final XGBoost survival model was trained using 4 clin-
ical features: pT stage, presence of distant metastasis, resec-
tion status after first surgery, and tumor volume. These
variables were identified from 11737 evaluated feature
combinations, ranging from 3 to 7 variables, using a system-
atic model-selection process prioritizing predictive accuracy
and parsimony.

On the independent test set, the model achieved a C-index
of 0.925, indicating excellent discriminative ability. Across
500 bootstrap runs, the mean C-index was 0.891, with a
95% Cl of 0.817 to 0.946 (Fig. 1A).

To further evaluate overall predictive accuracy, we calcu-
lated the time-dependent Brier score on the test set. The pre-
diction error remained consistently low throughout the
follow-up period (Fig. 1B). The IBS was 0.09, reflecting very
good calibration and average prediction error over time.

Nested cross-validation confirmed the robustness of the
model. Across 10 outer folds (with inner 3-fold tuning), the
mean C-index was 0.78 (range 0.70-0.90) (Fig. S1 [27]). A
learning curve showed performance stabilizing once ~60%
of the training data was used (Fig. S2 [27]), supporting that
the available cohort size is sufficient for model convergence.

Model Interpretation via SHAP

To enhance interpretability and clinical transparency, we ap-
plied SHAP to quantify feature contributions to the predicted
log-risk.

In the SHAP summary plot for the training dataset
(Fig. 2A), tumor volume displayed a broadly monotonic asso-
ciation with risk; distant metastases showed a uniformly
strong positive impact; pT stage contributed in an ordinal
fashion; and resection status (RO vs R1/R2) had a clear
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Table 1. Baseline clinical and pathological characteristics of the
pediatric adrenocortical tumor cohort (n =97)

Parameter Metrics
Age at diagnosis, years
Median 5.1
Range 0.2-17.8
Sex, n (%)
Female 63 (64.9)
Male 34 (35.1)
Diagnoses, n (%)
ACC 85 (87.6)
ACx 12 (12.4)
Staging, n (%)
pN1 9/97 (9.3)
M1 17/97 (17.5)
COG 1: 18 (21.4)
2:17 (20.2)
3:32(38.1)
4:17 (20.2)
Tumor size, cm
Median 8.8
Range 1.0-30.0
Ki67 index, %
Median 20.0
Range 1.0-80.0
Vascular invasion, n (%)
65/84 (77.4)
Follow-up duration (all patients), years
Median 3.7
Range 0-20.7
Outcome, n (%)
Alive 68 (70.1)
Deceased 29 (29.9)

Abbreviations: ACC, adrenocortical carcinoma; ACx, adrenocortical tumor of
undetermined malignant potential; cM, clinical metastatic status; COG,
Children’s Oncology Group; pN, pathological nodal status.

categorical effect, with incomplete increasing risk (with great-
er variability than metastases). These patterns were repro-
duced in the test set (Fig. 2B). Feature-importance rankings
by mean absolute SHAP values (Fig. 2C and 2D) consistently
placed tumor volume and metastatic status as the dominant
predictors, followed by resection status and pT stage. The sta-
bility of global feature effects across 500 bootstraps is shown
in Fig. S6 [27] (mean + SD SHAP values), underscoring robust
importance ordering.

Generalizability and Robustness in Independent
Test Data

Replicating SHAP analysis in the independent test set yielded
concordant effect directions and relative magnitudes across all
4 features (Figs. 2B and 2D), supporting the stability and
transferability of learned patterns despite smaller sample size.

Feature-specific SHAP Dependence Analysis

Feature-specific SHAP dependence plots provided detailed in-
sights into how individual predictors influenced mortality risk

(Fig. 3). Tumor volume showed a nonlinear effect, with SHAP
values rising steeply up to approximately 1000 mL and then
plateauing, indicating diminishing incremental risk at very
large volumes. Resection status displayed a clear binary pat-
tern, with incomplete resection associated with substantially
increased mortality risk. pT stage demonstrated a graded,
monotonic increase in SHAP values with advancing local ex-
tension, consistent with an ordinal, stepwise contribution to
risk; however, its overall effect size remained smaller than
that of tumor volume and metastatic status. Distant metastasis
at diagnosis exerted a strong positive SHAP effect, highlight-
ing its dominant prognostic contribution.

To further examine potential interactions, SHAP depend-
ence plots for tumor volume were stratified by metastatic sta-
tus. These showed parallel, monotonic increases in risk,
indicating that the prognostic effect of tumor volume was
not modified by metastatic status (Fig. S7 [27]).

Across 500 bootstrap iterations, tumor volume and meta-
static status consistently emerged as the dominant predictors
of mortality risk, with substantially higher mean SHAP values
compared to pT stage and resection status (Fig. S6 [27]). This
confirms the stability of feature importance rankings despite
the limited cohort size.

Calibration was additionally evaluated through visual plots
at 1-year and 3-year survival, generated from the independent
test set. These plots showed reasonable agreement between
predicted and observed survival probabilities, despite the
small sample size (n=20; 6 events) and are presented in
Figs. S8 and S9 [27].

Tumor Volume Cut-off Identification
and Prognostic Evaluation

To provide a clinically interpretable reference, we derived a
SHAP-guided tumor volume threshold that marks the onset
of consistently positive (risk-increasing) SHAP contributions.
In the single training run, this cut-off was 133.9 mL (95%
CI: 119.7-138.8 mL), separating patients with predominantly
positive vs neutral/negative SHAP values (Fig. 4). When used
to dichotomize patients, the cut-off yielded a C-index of
0.669 (training) and 0.790 (test), indicating meaningful prog-
nostic separation.

Robustness checks showed a consistent low-volume signal:
across 500 bootstrap refits, the median cut-off was ~190 mL
(95% CI: 127-910 mL), with >80% of cut-offs <400 mL
(Figs. S3 and S4 [27]). Repeated 5 x 5 cross-validation similar-
ly centered around ~190 mL, with a narrow interquartile
range and occasional higher estimates attributable to small-
sample variability (Fig. S5 [27]).

Subgroup Analysis by COG Stage

Within the COG staging framework, stage-specific median
ML risk scores separated outcomes in advanced disease. In
COG stage 3 (n = 32), ML-high patients demonstrated signifi-
cantly worse survival than ML-low patients (log-rank
P=.0027; HR=12.0; 95% CIL 1.52-95.3). Similarly, in
COG stage 4 (n=17), the ML risk score distinguished two
prognostically distinct groups (log-rank P=.0155; HR =
4.6; 95% CI: 1.20-17.5). No significant separation was ob-
served within COG stages 1 or 2, consistent with very low
event counts and overall favorable prognosis. Kaplan—-Meier
curves are shown in Fig. 5.
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Figure 1. Model performance of the final XGBoost survival model. (A) Histogram of C-index values across 500 bootstrap iterations. Each value represents
model performance on the fixed, independent test set after retraining on a resampled training set. The dashed line marks the mean C-index of 0.891. The
model achieved a C-index of 0.925 on the original test set, demonstrating excellent discriminative ability. (B) Time-dependent Brier scores on the
independent test set. The Brier score quantifies the prediction error at different time points, with lower values indicating better accuracy. The integrated
Brier score was 0.09, reflecting strong overall calibration and predictive performance over time.

Abbreviation: C-index, concordance index; XGBoost, Extreme Gradient Boosting.
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Figure 2. SHAP-based modelinterpretation in training and test datasets. (A, B) SHAP summary plots showing the directional impact of each input feature
on the predicted mortality risk in the training (A) and independent test (B) datasets. Each dot represents a single patient. Color encodes the feature value
(red = high, blue = low); position along the x-axis reflects the SHAP value (positive = increased risk). (C, D) Bar plots of mean absolute SHAP values in the
training (C) and test (D) datasets, ranking features by their average contribution to model predictions. Tumor volume and distant metastases showed the
strongest and most consistent influence, followed by resection status and pathological tumor stage.

Abbreviation: SHAP, SHapley Additive exPlanations.

volume and T stage, yielding f(x)=1.225 and an estimated
3-year survival ~33%.
These scenarios demonstrate how the model incorporates

Individualized Predictions in Representative Clinical
Scenarios

Finally, two locally advanced, nonmetastatic ACC cases illus-

trate individualized predictions (Fig. 6). For patient 1 (Fig. 6A
and 6B), this was pT4 tumor, cM0, R0, 350 mL. Tumor vol-
ume and T stage increased risk, whereas the absence of metas-
tases and RO resection reduced risk. Predicted log-risk [f(x) =
0.278; estimated 3-year survival ~88%] (Fig. 6B). For patient
2 (Fig. 6C and 6D), this was pT4, cM0, R1/R2, 350 mL.
Incomplete resection added substantial risk on top of high

nonlinear and additive effects across routine clinical features
to produce transparent, patient-specific risk estimates.

Discussion

In this study, we present the first interpretable ML survival
model for pACTs trained exclusively on routinely available
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Figure 3. SHAP dependence plots for all model features in training and test datasets. Each panel pair displays the relationship between actual feature
values and their corresponding SHAP values (predicted risk contribution). Left column: training data; right column: test data. (A, B) Tumor volume exhibits
a steep risk increase up to ~1000 mL, plateauing at higher volumes. (C, D) Resection status shows a clear binary risk split, with incomplete resections
associated with higher risk. (E, F) Pathologic T stage demonstrates a progressive risk increase with advancing tumor stage. (G, H) Distant metastases
yield the highest SHAP contributions, clearly distinguishing cM1 from cMO cases. These plots highlight robust, clinically intuitive relationships between
model features and predicted mortality risk.

Abbreviations: cM, clinical metastatic status; SHAP, SHapley Additive exPlanations.
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clinical features. Using a gradient-boosted Cox proportional
hazards approach, the model achieved high predictive accur-
acy (C-index 0.925 on the independent test set; optimism-
corrected mean 0.891, 95% CI: 0.817-0.946). These results
demonstrate that individualized survival risk prediction in
pACT is feasible even without molecular data, supporting
broad applicability, including in resource-limited settings.

Model transparency was ensured through SHAP-based in-
terpretation [26]. Tumor volume, distant metastases, patho-
logic T stage, and resection status emerged as the final
predictive features, each reflecting known markers of tumor
burden and operability [5, 10, 28]. Importantly, SHAP re-
vealed nonlinear and interaction-based effects not captured
by traditional categorical staging systems [5, 11-14]. Feature
importance rankings were highly stable across 500 bootstrap
iterations (Fig. S6 [27]), underlining the robustness of model
interpretation.

Tumor volume showed a steep, nonlinear association with
risk, plateauing above ~1000 mL. A SHAP-guided, bootstrap-

SHAP vs Tumor volume (cut-off = 133.89)
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12 o0° © ®
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Figure 4. SHAP-guided identification of a tumor volume threshold.
Scatter plot of SHAP values vs tumor volume (mL) in the training dataset.
Each dot represents 1 patient. The vertical dashed line marks the optimal
cut-off at 133.9 mL, above which SHAP contributions to predicted
mortality risk become predominantly positive. This threshold provides a
clinically interpretable reference point derived from the model.

Abbreviation: SHAP, SHapley Additive exPlanations.
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estimated cut-off identified ~190 mL as the point where volume
began to contribute consistently to risk, slightly lower than the
conventional 200 mL threshold [6]. Subgroup-specific cut-offs
(eg, by age or metastatic status) were not attempted due to under-
powered sample sizes. Similarly, pathologic T stage demon-
strated a graded increase in risk, resection status exerted a
categorical effect, and metastasis at diagnosis was the single
most influential predictor [6, 29].

Biological variables such as age, hormone secretion, and
Ki-67 index, though clinically relevant and used in scores
like pS-GRAS [28], were systematically tested but did not im-
prove performance beyond the final 4 features. Particularly,
age at diagnosis has long been recognized as a key prognostic
factor in pACT and forms part of established risk frame-
works. In our analyses, both continuous and categorical rep-
resentations of age were systematically evaluated, but they
did not provide incremental prognostic value once tumor vol-
ume and metastatic status were included. This likely reflects
collinearity with tumor burden and dissemination, demon-
strating the strength of a data-driven feature selection process.
Germline/genetic information (eg, TP53) could not be in-
cluded due to inconsistent availability and legal constraints
but remains a promising avenue for future models.

Subgroup analysis by COG stage highlighted the model’s
clinical relevance. Within advanced stages, ML-derived high-
risk groups (based on median predicted log-risk) had signifi-
cantly inferior survival (stage 3 HR 12.0, P =.0027; stage 4
HR 4.6, P =.0155), whereas no separation was seen in early
stages (COG 1-2), likely due to very low event rates and ceiling
effects. Notably, in COG stage 2, both events occurred in pa-
tients identified as high risk by the model. In COG stage 3, the
model differentiated patients who may benefit from intensified
adjuvant therapy or closer surveillance vs those at lower risk
who may be eligible for avoiding overtreatment [3].

Absolute survival probabilities were derived via the Breslow
estimator [30, 31]. While this assumes proportional hazards
and should be interpreted with caution, the model itself is
not constrained by this assumption. Ranking-based metrics
(C-index) and SHAP explanations remain unaffected, preserv-
ing the reliability of relative risk predictions.

Direct benchmarking against existing systems such as
pS-GRAS or COG for calibration or decision-curve analysis
was not feasible, as these systems are categorical. Instead,
the model complements existing frameworks by providing

A COG =2 | Log-rank p = 0.141 B COG = 3 | Log-rank p = 0.00271 C COG =4 | Log-rank p = 0.0155
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Figure 5. Risk stratification within COG stages using ML-derived risk scores. Kaplan-Meier survival curves for ML-high (bright) vs ML-low (dark) patients
within each COG stage subgroup: (A) COG stage 2 (n=17): No significant difference observed (log-rank P=.141). (B) COG stage 3 (n =32): ML-high
patients demonstrated significantly worse survival (log-rank P=.0027; HR=12.0; 95% Cl: 1.52-95.3). (C) COG stage 4 (n=17): ML stratification
identified 2 prognostically distinct groups (log-rank P=.0155; HR=4.6; 95% CI: 1.20-17.5). These results highlight the potential of the ML model to
refine prognosis within clinically relevant subgroups, particularly in intermediate- and high-risk COG stages.

Abbreviation: CI, confidence interval; COG, Children’s Oncology Group; HR, hazard ratio; ML, machine learning.
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Figure 6. Individualized survival predictions using SHAP force plots and model-derived survival curves. (A, B) Patient 1: pT4 tumor, tumor volume
350 mL, cMO, RO resection. SHAP plot (A) shows moderate risk contributions offset by protective features, resulting in a high predicted survival
probability (B). (C, D) Patient 2: pT4 tumor, tumor volume 350 mL, cMO, R1/2 resection. SHAP plot (C) shows additive contributions of all adverse features,
yielding a substantially elevated risk and poor predicted survival (D). These examples demonstrate the model’s capacity for personalized, interpretable

prognostication based on the full clinical context.

Abbreviation: ¢cM, clinical metastatic status; pT, pathological tumor; SHAP, SHapley Additive exPlanations.

continuous individualized predictions. Calibtration was fur-
ther assessed via time-dependent Brier scores (IBS 0.09) and
visual plots at 1 and 3 years (Figs. S8 and S9 [27]), which
showed reasonable agreement despite a small test-set size.

Several limitations merit acknowledgment. First, sample
size was constrained by the rarity of pACT, limiting subgroup
analyses and event counts in early stages. Second, external
validation remains essential to assess generalizability across
different clinical and geographic settings, including high-
incidence settings; efforts toward multinational validation
are ongoing through the European EXPeRT group [6] and
the EU-funded Partner4VRT project. Third, only complete
cases were analyzed, as imputation of clinically critical varia-
bles (tumor volume, resection, staging) was considered unreli-
able; while this may introduce selection bias, it preserves
interpretability and clinical validity. Finally, ML approaches
are not infallible. The model may still produce incorrect pre-
dictions in individual cases, particularly for patients whose
feature profiles differ from those seen during training [32].
Individual predictions must therefore be interpreted with clin-
ical judgment [33].

Conclusions

This study demonstrates that interpretable, ML-based sur-
vival modeling can yield robust, clinically meaningful survival
predictions in pACTs, particularly for patients with advanced
nonmetastatic disease. By capturing nonlinear relationships
and enabling individualized risk estimates, the model provides
a nuanced complement to existing classification systems and
may support more personalized decisions regarding adjuvant
therapy and surveillance strategies.
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