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Abstract

Background: Pineoblastoma (PB), a rare entity of the central nervous system, has limited available data on clinical outcomes
due to its infrequency. Uncertainty surrounds the optimal treatment approaches and prognostic factors for PB.

Objective: This study aims to identify factors associated with prognosis and to develop a predictive model for PB in adolescents
and young adults.

Methods: First, we identified the prognostic factors for PB using data for 304 PB patients (? 30 years) from the Surveillance,
Epidemiology, and End Results database. We then developed prediction models utilizing several machine learning approaches
and evaluated the predictive power of various models using the concordance index, Brier score, and receiver operating
characteristic curve. Finally, we established SHAP graphs for model interpretability and evaluated the clinical usefulness of the
model by decision curve analysis (DCA).

Results: The present study revealed that age, year of diagnosis, laterality, tumor-size, stage, surg/rad sequence, and therapeutic
approach were significant prognostic factors for PB patients (p<0.05). The examination of model performance revealed that the
random forest model has superior predictive power, displaying a potent discriminative ability and accuracy, as well as great
consistency. Importantly, the DCA highlighted the clinical usefulness of this model.

Conclusions: In summary, the present study identified the prognostic factors for PB and established the most effective random
forest model for predicting the survival of PB patients.
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Abstract
The best treatment strategies and prognosis factors for PB are still unknown because of its rarity. Thus, the aim of this
study was to determine prognostic indicators and develop a model for predicting the prognosis in PB patients. First, we
identified the prognostic factors for PB using data for 304 PB patients (< 30 years) from the Surveillance, Epidemiology,
and End Results database. We then developed prediction models utilizing several machine learning approaches and
evaluated the predictive power of various models using the concordance index, Brier score, and receiver operating
characteristic curve. Finally, we established SHAP graphs for model interpretability and evaluated the clinical usefulness
of the model by decision curve analysis (DCA). The present study revealed that age, year of diagnosis, laterality, tumor-
size, stage, surg/rad sequence, and therapeutic approach were significant prognostic factors for PB patients (p<0.05). The
examination of model performance revealed that the random forest model has superior predictive power, displaying a
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potent discriminative ability and accuracy, as well as great consistency. Importantly, the DCA highlighted the clinical
usefulness of this model. In summary, the present study identified the prognostic factors for PB and established the most

effective random forest model for predicting the survival of PB patients.
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1. Introduction

The pineal gland is an endocrine gland located in the midline of the brain that indirectly modulates circadian rhythms via
the secretion of melatonin. A group of primary tumors are termed pineal parenchymal tumors (PPTs), which are
considered rare neoplasms and account for less than 1% of all primary central nervous system tumors [1]. In the 2016
classification of tumors of the central nervous system, PPTs were classified into four significant subgroups: pineocytoma
(PC) (ICD-O 9361/1, WHO grade I), PPT of intermediate differentiation (PPTID) (ICD-O 9362/3, WHO grade II/III),
pineoblastoma (PB) (ICD-O 9362/3, WHO grade V), and papillary tumor (ICD-O 9395/3, WHO grade II/II) [2].
Notably, the prognosis, clinical features, and biology of these tumors were generally varied. Previous reports have shown
that PB generally affects children (mean age of diagnosis: 13 years), and infant and young child cases are typically far
more aggressive and challenging to treat; however, therapy is typically tolerated better by older children and teenagers
with higher survival rates [3]. Conversely, PPTIDs, PCs, and PTPRs are more common in adults, peaking at ages 2040,
3060, and 30 years, respectively [4,5]. Studies have also shown that PB constitutes a substantial portion of PPTs,
accounting for up to 25% to 50% of cases [6], and that PBs occur more frequently in children and adolescents than in
adults [7-10].

PB is defined as a high-grade malignant primary supratentorial neuroectodermal tumor in the central nervous system
[11]. Similar to other malignancies, patients with PB traditionally have an exceedingly poor prognosis because of the
aggressiveness of PB. In addition, a high recurrence rate and strong tendency for metastasis, especially systemic
metastasis, are among the main reasons why PB is associated with a poor prognosis. The published literature has reported
that PB manifests a predilection for seeding along the craniospinal axis and metastasizing to parts other than the central
nervous system [12,13], such as the lung [14], bone [15-18], and peritoneum [19]. However, data on the survival of
patients with PB are extremely limited owing to the rarity of PB cases. To date, hundreds of studies have reported on PB,
but most have been single case reports or small series [20-22]. Although those studies were a valuable source of
information concerning PB at some level, reliable medical evidence for treatment decision making is still lacking due to
inherent drawbacks of these studies, such as small sample sizes and inadequate statistical power. Therefore, to date, there
are no clearly defined prognostic factors and generally accepted treatment regimens for patients with PB.

To overcome these limitations, we first identified the risk factors affecting PB prognosis based on a large series with 304
PB patients from the Surveillance, Epidemiology, and End Results (SEER) database. Next, we developed prediction
models utilizing several machine learning approaches (such as random forest survival, survival tree, and Cox
proportional hazard regression models) and evaluated each model's predictive power using the concordance index, Brier
score, and area under the ROC curve (AUC). Ultimately, we selected the random forest model that had the best predictive
power for predicting prognoses in patients with PB.

2. Methods

2.1. Data Source and Variable Selection

The data of 304 PB cases were acquired from the SEER database using SEER*Sat version 8.4.1
(https://seer.cancer.gov/). Comprehensive information, including age, sex, race, year of diagnosis, laterality, stage,
therapy, surgical resection area, surg/rad sequence, and type of reporting source, was acquired from source documents to
summarize the case. This is not necessarily the original document that identified the case but the source that provided the
most complete information. Marital status, income (median household income inflation adj. to 2021), months from
diagnosis to therapy, total number of in situ/malignant tumors (total number of in situ/malignant cancers reported by a
patient based on the maximum sequence number of all in situ/malignant tumors in SEER up to the last published year of
diagnosis; this value is equal to one for all tumors), survival months, vital status (alive or dead) and tumor size were
included and analyzed in this study (See Supplementary Files for details). Several of these factors often had different
subclasses, such as laterality (including right/lift origin of primary and paired sites but no information on laterality) and
therapy (consisting of biopsy only; surgical treatment; RT; chemotherapy (CT); RT thereafter). The operations consisted
of the following: RT combined with CT, sequence unknown; RT after nonprimary surgery combined with CT, sequence
unknown; surg/rad sequence (radiation after surgery, radiation before surgery, radiation combined both before and after
surgery); resection (local tumor destruction or excision, partial surgical excision of the primary site, complete surgical
removal of the primary site; operation is referred to as “debulking”); and stages (including localized, regional, and
distant). Other information included rural-urban areas (countries in metropolitan areas with 1 million or more inhabitants,
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countries in metropolitan areas with 250,000 to 1 million inhabitants, countries in metropolitan areas with fewer than
250,000 inhabitants, countries bordering the metropolitan area outside the metropolitan area, nonmetropolitan countries
not bordering the metropolitan area), type of reporting source (inpatient/outpatient hospital, other) and tumor size.
Survival time was defined as the period from diagnosis to death or last follow-up, and cases lost to follow-up were
censored by the SEER database.

2.2. Inclusion and Exclusion Criteria

To meet the research requirements, we initially set up the inclusion and exclusion criteria for sample selection in this
study. The inclusion criteria were as follows: (1) patients who were diagnosed with PB with the ICD-O-3 code 9362/3
and (2) patients who were diagnosed between 1975 and 2021. (3) Patients whose PB was younger than 30 years of age at
diagnosis; (4) patients for whom the treatment information. Exclusion criteria for patients were as follows: (1) other types
of cancer; (2) diagnosis before 1975 and after 2021; (3) older than 30 years of age; (4) unclear treatment information
(unknown); (5) died from causes other than PB; and (6) availability of only a single case (e.g., RT before surgery,
intraoperative beam radiotherapy (RT), RT before and after surgery, as well as sequences that were unknown, but both
were given). Ultimately, 304 patients with PB were selected for this analysis (Figure 1).

2.3 Model Development

All of the cases in this study were randomly divided into training and test datasets at a 7:3 ratio. Prediction models,
including the Cox proportional hazards model, survival tree model, and random forest survival model, were developed
using the training dataset, and the accuracy of the finished model was externally validated using the test dataset.

2.3.1 Cox Proportional Hazards Model
The Cox proportional hazards model can be represented by the hazard function defined by h(t), which can be expressed
as Formula (1):

hit|=hyltlex pla, X +a, X +...+a, X, (1],
where t represents the survival time, and ho(t) represents the baseline hazard in a situation where all the predictors are

zero. The coefficients ( O, ,..., @, ) were used to evaluate the effect size of the predictors ( X, X,,..., X ).

2.3.2 Survival Tree Model

To construct a survival tree (ST), observations were recursively partitioned into child nodes based on predictors that
influence survival outcomes. Partitioning began with the root node containing all observations. At each parent node,
every candidate predictor variable was evaluated to find the optimal split that maximizes the survival difference between
the resulting child nodes. The predictor and split point leading to the best split was selected to divide the parent node.
This recursive splitting process continued, treating child nodes as new parents to be split further. Tree growth stopped
when all terminal nodes reached a minimum size, containing only a predefined number of unique events (“minsplit”) to
prevent overfitting. Tree pruning was also applied to reduce size and improve generalizability.

The log-rank statistic was utilized as the splitting criterion to maximize the dissimilarity between child nodes at each
split, using Formula (2):
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2.3.3 Random Forest Model

The RF model employed a nonparametric ensemble approach that introduces two forms of randomness when growing
trees: bootstrapping training samples and selecting a subset of predictors for each split (known as "mtry"). During tree
growth, a bootstrap sample containing two-thirds of the data (in-bag) was drawn at random B times. Based on these B
samples, a node splitting process proceeded as follows: At each node, guided by a predefined splitting criterion ("split
rule"), the predictor maximizing survival difference between child nodes was chosen from a random subset ("mtry") to
split the node at an optimal cutoff point ("nsplit"). This iterative tree growth was repeated "ntree" times to build a forest
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was dropped to a
terminal node. The final prediction (Formula 3) averages survival estimates across all trees in the forest:
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2.4 Model Validation, Performance Evaluation, and Comparison

This study utilized the concordance index (C-index) to evaluate and compare the discriminative ability of different
prediction models. We also examined the time-dependent C-index, which assesses each model's concordance at specific
survival times. More specifically, for the ith patient, Ti denotes the event time, Di denotes the censoring time, and ni
denotes the predicted risk score from a model. Additionally, T'i = min (T'1, Di) is defined as the censored time or latest
observed time, and &i= I (Ti < Di) is defined as the event indicator for right censoring. The C-index then provides an
estimate of the probability that the sequence of events is correctly predicted by the model for a randomly selected pair of
cases (i, j).

In addition to the C-index, we utilized the Brier score (BS) to evaluate the predictive performance of the models. For
binary prediction models, the Brier score calculates the mean squared error of predictions. For time-to-event models, the
Brier score for a single subject at time t is defined as the squared difference between the observed event status (e.g.,
death) and the model's predicted probability of surviving beyond time t. The IBS represents a cumulative version of the
Brier score over time, calculated as Formula (4). In other words, the IBS measures the accuracy of the predicted survival

probabilities against the actual outcomes over the entire follow-up period.
b

IBS= [ BS‘[t|dw(t)(4)
t
A receiver operating characteristic (ROC) curve depicts the trade-off between the true positive rate (TPR) and false-
positive rate (FPR) as the discrimination threshold varies from 0 to 1. The TPR at threshold t, denoted as TP(t),
represents the probability that a randomly selected positive instance has a predicted score exceeding t. Assuming that the
probability density function of negative instance scores is fp(t), the FPR equals the probability that a randomly chosen
negative instance scores above t. Varying t across the full range of fp(t) traces out the ROC curve. The area under the
ROC curve (AUC) equals the probability that a randomly selected positive example is assigned a higher score than a
randomly selected negative example.

Sensitivity and specificity are relevant for binary classification tasks. A predictor's accuracy can be evaluated by the AUC
as follows: Subjects are classified by comparing their polygenic risk scores against a fixed threshold, predicting those
above it to manifest the trait. Sensitivity refers to the proportion of affected subjects correctly classified, whereas
specificity is the proportion of unaffected subjects correctly classified. Varying the threshold generates different
sensitivity and specificity values, tracing the ROC curve by plotting sensitivity against 1-specificity. The AUC represents
the probability that a randomly chosen pair of subjects, one affected and one unaffected, are correctly classified.
Assuming the normality of polygenic scores, the expected AUC can be derived using central limit theorem principles,
which can be calculated using Formula 5.

00

AUC(t|= [ Se(c,t)d[1-Spc,t]](5)

—00

Validations were conducted internally (in training datasets) and externally (in test datasets) and visualized in the
calibration plots. Predictive models for binary outcome Y (1 for event present, O for event absent) are considered well
calibrated when estimated event risks align with observed event rates. Specifically, for patients with estimated risk R=p,
the proportion experiencing the event should equal p: P(Y=1|R=p) = p. Calibration can be evaluated by regressing Y on
the model's linear predictor (LP) logit(R): logit[P(Y)] = a+BxLP. A perfect calibration implies that a=0 and B=1.
Miscalibration frequently occurs when models are applied to new populations, owing to case-mix differences or variable
effects. Four primary types of miscalibration exist. If <1, risks are overfit; small risks are underestimated, whereas large
risks are overestimated. >1 indicates underfitting. If a#0 but f=1, risks are systematically overestimated (a<0) or
underestimated (a>0). More generally, over/underestimation occurs when a(=1) # 0, as assessed by modeling LP as an
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offset. In simulations controlling Y and predictor distributions, miscalibration can be induced by varying a(f=1) and p.

A critical role of prediction models is to inform patients on their prognosis, for example, after a cancer diagnosis has been
made or when assistant clinicians make a discission. Thus, the usefulness of the prediction model is rooted in the purpose
of the prediction model. In this study, decision curve analysis was employed to assess the usefulness of the model. The
critical element of decision curve analysis is that a single probability threshold can serve dual purposes—categorizing
patients as positive or negative and weighting the harm of false-positive versus false-negative classifications. The
selected risk threshold implies relative misclassification costs. The threshold odds equal the harm-to-benefit ratio—the
harm of a false-positive divided by the benefit of a true positive. For a 20% threshold, the odds are 1:4, meaning that the
harm of a false positive is one quarter the benefit of a true positive. This suggests accepting 4 false positives for 1 true
positive, which a clinician may articulate as "I would do no more than 5 biopsies to find one cancer." Thus, when a model
is applied, we can correct true positives (TPs) for false positives (FPs) using the threshold odds (w): TP - FP x w.
Dividing by the total sample size N yields the net benefit-the net proportion of TPs.

Net benefit compares a model to the default strategies of treating none (no one has the event) or all (all have the event).
Unlike cost-effectiveness analysis, decision-analytic net benefit does not require monetary value. Varying the risk
threshold plot model and default net benefit by threshold as a decision curve. A lower model net benefit indicates clinical
harm at that harm-benefit ratio. Treat-none net benefit is always 0; treat-all is positive below and negative above the
event rate. The net benefit difference between two models at a given threshold reflects their difference in true positive
proportions at identical false-positive levels.

2.5 Model Hyperparameter Optimization

The performance quality of a machine learning model depends heavily on its hyperparameter settings. All machine
learning systems have hyperparameters, the values for which must be adjusted to optimize performance. This process,
known as hyperparameter optimization (HPO), is particularly important for machine learning models, which rely heavily
on architectural, regularization, and optimization decisions. Notably, in HPO, the optimal combination of
hyperparameters is selected to maximize model performance. Unlike model parameters that are learned from data,
hyperparameters are specified a priori and configure the learning algorithm itself. Proper tuning of hyperparameters can
significantly improve the accuracy, robustness, and generalizability of the model. By finding the right balance between
underfitting and overfitting, HPO enables models to better capture the underlying relationships in data and achieve
stronger performance on new unseen data. In this study, HPO was used to optimize the random forest model.

2.6 Explanation of Models

Explaining machine learning (ML) models is crucial to understanding how they make predictions. However, there are
many explainability techniques, each of which uses different approaches. Broadly speaking, model explanation involves
the analysis of ML models, particularly “black boxes” with opaque internal logic. A key technique is feature importance
(F1), which ranks input features according to their influence on the output. This provides a comprehensive explanation of
the key drivers of the model predictions. In contrast, local methods such as SHapley Additive exPlanations (SHAPS)
explain individual predictions. SHAP uses game theory to map the output of a prediction to the contributions of each
input feature. It can quantify the impact of features locally on a specific prediction or globally across the entire model.
Here, we applied both FI for global explanation and SHAP for local understanding in explaining a random forest model.

2.7 Software

The continuous variables in our study (including age, years of diagnosis, and tumor size) were categorized based on
optimal cutoff values identified using X-tile software. The optimal cutoff value was defined as the most significant
splitting point among the survival distributions of the categorized factors. The newly categorized variables were
considered predictors and analyzed in the survival analysis. Statistical analysis in this study was performed using R
(version 3.6.3) and X-tile software (Yale University, version 3.61). The criterion for excluding a variable from the
multivariate Cox proportional hazards model was a p value > 0.1. For all other tests, a p value <0.05 indicated statistical
significance.

3. Results
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3.1. Clinical and Pathological Characteristics of Patients

Ultimately, 304 individuals with PBs younger than 30 years of age were selected for the present study. A total of 212
people were in the training cohort, and 92 patients were in the test cohort. Table 1 shows the baseline characteristics of
the patients. In this study, the overall ratio of men to women was approximately 1:1. With a mean age of 13 years, most
patients were non-Hispanic (n = 165, 77.8% in the training dataset and n = 68, 73.9% in the test dataset). In addition, a
significant proportion of patients had tumor extension features confined and localized to the gland of origin not otherwise
specified (n = 134, 63.2% in the training dataset and n = 64.98.9% in the test dataset) and unpaired laterality features (n =
206, 97.2% in the training dataset and n = 91, 98.9% in the test dataset). In this work, approximately 80% of patients (n =
166, 78.3% in the training dataset and n = 76, 82.6% in the test dataset) were diagnosed between 2001 and 2021.
Importantly, up to 97% of patients had positive histology and a confirmed diagnosis. Additionally, the vast majority of
cases (n = 209, 98.6% in the training dataset; n = 91, 98.8% in the test dataset) were recorded as either hospital inpatients
or outpatients. The vast majority of patients were unmarried (n = 194, 91.5% in the training dataset; n = 90, 97.83% in
the test dataset). Regarding treatment options, patients either underwent isolated surgery or additional radiation (RT) or
chemotherapy (CT) after surgical resection. Notably, over two-thirds of patients were from countries with cities with a
population of one million or less.

Table 1. Clinical and pathological characteristics of patients

Variables Test Dataset Training Dataset | Standardize diff. | P value | P value*
N 92 212
Age 13.0+9.1 13.4+9.7 0.1(-0.2,0.3) 0.681 0.872
Tumor size 32.1+11.5 31.7£11.2 0.0 (-0.2, 0.3) 0.748 0.950
Income” 6.1+2.1 6.1+ 2.1 0.0 (-0.2, 0.2) 0.977 0.897
TNM* 1.1+£0.2 1.1+0.3 0.0 (-0.2, 0.3) 0.758 0.813
Months” 0.4+0.7 0.5+0.8 0.1(-0.1,0.4) 0.256 0.219
Race 0.1 (-0.2,0.3) 0.458 -
Hispanic 24 (26.1%) 47 (22.2%)
Non-Hispanic 68 (73.9%) 165 (77.8%)
Sex 0.0 (-0.2, 0.3) 0.745 -
Male 47 (51.1%) 104 (49.1%)
Female 45 (48.9%) 108 (50.9%)
Year 0.1(-0.1,0.4) 0.392 -
1978-2000 16 (17.4%) 46 (21.7%)
2001-2021 76 (82.6%) 166 (78.3%)
Laterality 0.1(-0.1,0.4) 0.352 0.679
Not paired site 91 (98.9%) 206 (97.2%)
Paired site 1(1.1%) 6 (2.8%)
Stages 0.1 (-0.1, 0.4) 0.560 -
Localized 64 (69.6%) 134 (63.2%)
Regional 15 (16.3%) 43 (20.3%)
Distant 13 (14.1%) 35 (16.5%)
Resection” 0.3 (0.0,0.5) 0.521 -
Autopsy 16 (17.4%) 46 (21.7%)
LTD 26 (28.3%) 56 (26.4%)
PSR 27 (29.3%) 49 (23.1%)
TSR 6 (6.5%) 25 (11.8%)
Debulking 8 (8.7%) 11 (5.2%)
Radical surgery 3 (3.3%) 6 (2.8%)
Surgery, NOS 6 (6.5%) 19 (9.0%)
Therapy” 0.2 (-0.0, 0.5) 0.877 -
Autopsy only 2 (2.2%) 9 (4.2%)
Surgery 8 (8.7%) 20 (9.4%)
Radiation 5 (5.4%) 10 (4.7%)
Chemotherapy 1(1.1%) 4 (1.9%)
SR 20 (21.7%) 37 (17.5%)
SC 14 (15.2%) 24 (11.3%)
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RC 9 (9.8%) 27 (12.7%)
SRC 33 (35.9%) 81 (38.2%)
Sequence’ 1.6 (1.3, 1.9) <0.001 -
Chemo dfter Sur 39 (42.4%) 2 (0.9%)
Rad dfter Sur 50 (54.3%) 111 (52.4%)
RC 3 (3.3%) 99 (46.7%)
Source’ 0.0 (-0.2,0.3) 0.818 1.000
Hospital 91 (98.9%) 209 (98.6%)
Others 1(1.1%) 3 (1.4%)
Material status 0.3(0.2,0.7) 0.304 -
Married 2 (2.17%) 18 (8.5%)
Unmarried 90 (97.83%) 194 (91.5%)
Rural-Urban” 0.3 (0.0, 0.5) 0.301 -
1 63 (68.5%) 137 (64.6%)
2 12 (13.0%) 42 (19.8%)
3 5 (5.4%) 16 (7.5%)
4 7 (7.6%) 7 (3.3%)
5 5 (5.4%) 10 (4.7%)

Note:

Results in the table: Mean+SD/N (%); P value*: Kruskal-Walli’s rank test for continuous variables, Fisher’s exact test for
categorical variables with expectations<10.

Income#: Median household income inflation adj. to 2021

TNM#: Total number of in situ/malignant

Sequence#: Surg/Rad Sequence

Chemo after Sur, chemotherapy after surgery; Rad after Sur, radiotherapy after surgery; RC, radiotherapy combined with
chemotherapy

Source#: Type of Reporting Source

Therapy#:

SR, radiotherapy after surgery; SC, chemotherapy after surgery; RC, radiotherapy combined with chemotherapy; SRC,
radiotherapy after surgery combined with chemotherapy

Resection#: Site-specific surgery

LTD, local tumor destruction or excision; PSR, partial surgical removal of the primary site; TSR, total surgical removal
of the primary site; “debulking”, surgery stated to be “debulking”.

Rural-Urban#: Rural-Urban Continuum Code

1, Countries in metropolitan areas of 1 million pops; 2, Countries in metropolitan areas of 250,000 to 1 million pops; 3,
Countries in metropolitan areas of 1t 250 thousand pops; 4, Nonmetropolitan countries adjacent to metropolitan areas; 5,
Nonmetropolitan countries not adjacent to metropolitan areas.

3.2. Survival Analysis and Identification of Potential Prognostic Factors

To identify variables that potentially affect the survival of PB patients, we first performed survival analysis on the
variables included in this study. In the present study, age, year of diagnosis, laterality, tumor size, stage, surg/rad
sequence, and therapeutic approach were found to have a significant effect on the survival of PB patients (p<0.05)
(Figure S1 and S2). In addition, the survival curves indicated that the total number of in situ/malignant and rural-urban
cases affected patient survival, even if the p value was not significant (p<0.2) (Figure S2). Notably, the results of the
survival analysis revealed that other characteristics, including race, sex, resection, months between diagnosis and therapy,
type of reporting source, income, and marital status, had no significant effect on PB survival (p>0.2) (Figure S1 and S2).
Given that univariate analysis findings often cannot completely rule out the impact of confounding variables, we chose
variables with p values less than 0.2 [23] to be included in the prediction model.

3.3. Establishment and Comparison of Models

Various prediction models for survival in this study were developed using the Cox proportional hazards model, tree-
based machine learning algorithms (survival tree) and random forest. Nevertheless, the predictive power of various
models varies widely. Notably, machine learning (ML) algorithms identify the best model by use of automated
procedures that analyze the data to find patterns, including interactions between variables and within variable subsets
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[24]. Additionally, machine learning (ML) is more accurate than the Cox proportional hazards model is [25-27]. As a
result, we assessed the metrics of several prediction models using AUC values, the C-index, and Brier scores (BS) in this
work. Interestingly, our findings, as illustrated in Figure 2A—C, revealed that the random forest survival model presented
a greater AUC value (AUC values of 0.98, 0.99, and 0.96 for 3-, 5-, and 10-year survival in the training dataset,
respectively) than both the Cox regression model (AUC values of 0.81, 0.79, and 0.75 for 3-, 5-, and 10-year survival in
the training dataset, respectively) and the survival tree model (AUC values of 0.81, 0.79, and 0.75 for 3-, 5-, and 10-year
survival in the training dataset, respectively), indicating that the random forest survival model had a higher predictive
power than the other models. More importantly, we achieved consistent results in the test dataset, as shown in Figure 2D—
F. Additionally, we discovered that the random forest survival model had the highest C index in both the training and test
datasets, which further demonstrated the superior predictive power of the random forest model (Figure 2G—H). Finally,
through a comparative analysis of the three models' Brier scores, we discovered that, in both the training and test
datasets, the random forest survival model displayed the lowest Brier scores (Figure 2I). This further supports the idea
that the random forest survival model performs better in predictions than other models. As mentioned above, since it has
greater predictive potential than the other models, we will eventually select the random forest technique to create a
predictive model for PB.

3.4. Random Forest Survival Model Optimization and Specification

The hyperparameters of a machine learning model significantly impact its performance quality [28]. The machine
learning (ML) model and its hyperparameters are usually manually assigned a goal and a dataset. This work thus applies
hyperparameter optimization to optimized machine learning models. As shown in Figure S3, the model retuned the
minimum out-of-bag (OOB) error values when the random forest survival model met the following parameters: number
of trees (ntree) = 200, number of variables tested in any split (mtry) = 8, and minimum size of terminal node (nodesize) =
3. Therefore, the above parameters are used to define the optimal random forest model.

3.5. Random Forest Survival Model Performance

3.5.1 Accuracy of Random Forest Survival Model

Accurate predictions effectively discriminate between individuals with and without the outcome of interest. Currently,
several quantitative measures exist to evaluate the performance of binary classification models. The receiver operating
characteristic (ROC) curve has emerged as the predominant metric used to quantify the discriminative ability of
predictive models. Notably, several accuracy indices, including the AUC, partial area, and TPF/FPF, have been proposed
in the literature to concisely summarize the salient features of ROC curves [29-31], in which the area under the curve
(AUCQ), as a one-dimensional summary metric, is frequently used for assessing the predictive efficacy of a model [32]. In
the present study, the accuracy of the random forest survival model was assessed using the Brier scores and time-
dependent receiver operating characteristic (ROC) curves. As shown in Figure 3A and 3B, the model consistently
demonstrated robust performance in predicting PB-specific survival, with time-dependent AUC values ranging from 0.70
to 0.95 and BS values ranging from 0.01 to 0.08. Additionally, to measure the global importance of variables, we use
permutational variable importance. We interpret the result as follows: the greater the decrease in performance of the
model after permuting a variable, the more important the variable is for making the prediction; therefore, the variables
higher on the plot are the most important ones. As shown in Figure 3C, age was the most important factor affecting the
survival of PB patients. More importantly, we found that the importance of age for PB prognosis was much greater than
that of other variables. Finally, we use a time-dependent metric (cumulative/dynamic AUC, C/D AUC) [33,34] to
determine whether some variables are more important at certain times of the study. Our results confirmed again that age
was the most important predictor (Figure 3D). Notably, our findings were in line with those of previous studies [35-37].
These results suggest that the random forest survival model performs exceptionally well in terms of accuracy.

3.5.2 Discrimination Power of Random Forest Survival Model

In addition to the AUC, calibration is a vital metric for validating the accuracy of predictive models. Calibration gauges
how closely a model's predicted probabilities align, on average, with actual observed outcomes. Calibration plots
depicting observed versus expected event rates across risk strata can localize potential deviations. The calibration curve
visualizes model performance across subsets, complementing overall accuracy. Well-calibrated models exhibit minimal
deviation from the 45° perfect fit line, whereas miscalibration manifests as a growing divergence of expected
probabilities from observed probabilities. In this study, the random forest survival model developed for training was
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evaluated using calibration plots, as shown in Figure 4, where the calibration plots for the training and test datasets
exhibited high consistency.

3.5.3 Clinical Usefulness of Random Forest Survival Model

Developed by Vickers and Elkin in a 2006 paper in Medical Decision Making [38], decision curve analysis is an
approach for assessing prediction models and diagnostic tests. This strategy aims to overcome the limitations of both
traditional statistical measures and comprehensive decision analytic tools, such as calibration and discrimination, which
are not always indicators of therapeutic usefulness. Therefore, the usefulness of the random forest survival model in this
study was assessed using decision curve analysis. As shown in Figure 5, the black line represents the net benefit if all
patients died, and the yellow line represents the net benefit if no patients died. If the blue line, which represents the
model, falls between the black and yellow lines, it is a sign of the model's clinical usefulness. A greater net benefit, or the
model curve's distance from the black and yellow lines, indicates better clinical usefulness of the random forest survival
model. Notably, almost all of the threshold probabilities at 36 months (Figure 5A), 60 months (Figure 5B), and 120
months (Figure 5C) showed a significant net gain in the random forest survival model for the DCA curve analysis in the
training cohort, indicating the potential clinical usefulness of this model. Importantly, the DCA results for the test cohort
demonstrated a substantial net improvement in the random forest survival model for almost all of the threshold
probabilities at 36 months (Figure 5D), 60 months (Figure 5E), and 120 months (Figure 5F), further suggesting the
model's potential for clinical application. In summary, these results emphasize the potential clinical utility of this model.

3.6 Explanation of Random Forest Model Survival

Recent studies have reported that more advanced machine learning (ML) models, including random forest survival,
gradient boosting machines (GBMs), and artificial neural networks (ANNs), typically demonstrate greater accuracy than
simpler models when predicting nonlinear, faint, or rare phenomena [39,40]. However, these complex algorithms
frequently achieve superior performance at the expense of interpretability. Model interpretability remains crucial for
practical application. In this study, we utilize established explanatory techniques to elucidate the model we have
developed. Specifically, we provide both global and local explanations to facilitate understanding of the overall model
and its individual components. Among the nine 9 variables found in the random forest survival model, the top 7 variable
importance values (VIMPs) are displayed in Figure 6A and B. Remarkably, age seemed to have the highest predictive
significance (VIMP=0.251). In addition, tumor stage (VIMP=0.054) for all 9 variables had the second largest importance
in terms of prediction. These findings suggest that different therapy regimens, especially preoperative or postoperative
chemoradiation, are important predictors of prognosis in children, adolescents, and young adults. The third most
important predictor in this model was surg/rad sequence (VIMP=0.052). Notably, the individual predictions in this
investigation were subjected to local explanations. The important ranks of the predictors for a random case are displayed,
and the patient's overall survival is estimated, as shown in Figure 6C and D.

4. Discussion

It is of great importance for rare disorders such as PB to identify the prognostic factors affecting the survival of patients
and evaluate the effectiveness of current treatment regimens. Thus, the acquisition of abundant clinical materials from PB
patients is critical for achieving this goal. However, conducting prospective clinical trials seems to be an exceedingly
challenging issue owing to the limited number of PB cases. Therefore, to date, the optimal management strategies for PB
confined by extremely limited data have not been defined. Furthermore, the clinical risk factors associated with prognosis
were still less clear in groups with PB, especially in children, adolescents, and young adults. Given the greater precision
of the advanced machine learning models developed previously than the classical staging system for prognosis in some
cancers [41,42], a random forest survival model for PB, consequently, was developed on the basis of enormous amounts
of clinical PB data collected from the SEER database from 1975 to 2021 in this study. The aim of this study was to
clarify the ideal treatment regimen and identify crucial prognostic factors for PB. Notably, to the best of our knowledge,
this study represents the largest series investigation of PB in children, adolescents, and young adults.

Our findings verified that the primary prognostic indicators for PB patients in children, adolescents, and young adults
were age at diagnosis, year of diagnosis, surg/rad sequence, therapy choices, laterality, tumor stage, and tumor size.
Interestingly, the results of this analysis indicated that the overall survival rate of patients with PB has little to do with the
application of RT or CT alone. However, the combination of RT and CT was found to be a prognostic factor for survival.
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Multiple lines of evidence illustrate that PB, compared with infratentorial primitive neuroectodermal tumors, has poorer
outcomes irrespective of treatment regimens [43-45]. However, aggressive surgical resection is still recommended for the
management of PB, and surgical treatment is regarded as the first-line therapeutic strategy [11,22]. In this analysis, the
effects of various treatment regimens on the prognosis of patients with PB was accessed by the random forest model,
which revealed that those treatment options had different influences on clinical outcomes. Importantly, the risk of death
was considerably lower in patients who received RT after surgery combined with CT than in patients who received only
RT or surgical resection. Although surgical resection is known as the first-line therapeutic option and is strongly
recommended [46], the results of this study could not support that surgical treatment alone could significantly improve
the prognosis of patients with PB in young populations. Additionally, the risk of death significantly increased after partial
surgical removal of the primary site in terms of the impact of surgical resection on survival. Interestingly, the results from
a survey conducted by Mallick and colleagues revealed that the clinical outcome was markedly improved in patients who
received surgical resection and adjuvant radiotherapy [47]. In line with these findings, the findings of this study revealed
that RT after surgery combined with CT was a principal prognostic factor that could remarkably improve clinical survival
outcomes.

The role of CT in PB is still a contentious issue. PB appears to be responsive to CT, as reported by Schild et al. [48] and
Ghim et al. [49]. Interestingly, the findings of this study revealed that CT could improve the overall survival of patients.
Interestingly, a study conducted by Mynarek et al. [7] drew conclusions that were inconsistent with our findings and
could not support the effectiveness of CT in PB. Similarly, there is also no consensus regarding the role of RT against PB.
A study by Clark and colleagues [50] demonstrated that PB was resistant to RT. However, several studies reported that
PB was sensitive to radiotherapy [44,51,52]. Notably, our results revealed that radiotherapy alone did not effectively
improve the survival of PB patients. Additionally, the dose of RT and selection of local radiotherapy (locRT) or
craniospinal irradiation (CSI) are controversial topics in the management of PB. In view of the severe side effects of CSI
in young patients, whether to choose RT typically depends on patient age [7]. Nonetheless, "reduced" CSI with a dose of
23.4/24.0 Gy was also used during first-line therapy in patients <4 years of age [6]. In addition, the application of CSI at
a dose of 31.2 Gy and a dose range of 45.0-59.4 Gy has been reported in the literature [6]. Notably, those studies failed
to conclude that RT is effective for PB. Interestingly, the findings of this analysis could not determine that patients who
only received RT benefited from RT treatment. The limited number of PB patients may be the primary reason for the
discrepancy in the effectiveness of RT and CT. Hence, high-quality clinical studies are crucial to clarify these
disagreements between RT and CT.

Notably, age is typically regarded as a risk factor for various disorders, such as Parkinson’s disease [53], venous
thromboembolism [54], diabetes [55], cardiovascular disease [56], stroke [57], and all types of tumors [58-60].
Interestingly, the present study revealed that age was the primary risk factor for PB. Consistent with findings of previous
research [61-63], our results showed that overall survival increased markedly with increasing age. Specifically, compared
with patients aged <5 years at diagnosis, the risk of death was significantly lower for patients aged 5-30 years at
diagnosis. The subgroup analysis revealed that patients older than five years of age had a significantly greater overall
survival probability than patients younger than five years of age. However, patients older than twelve years of age and
within the age range of 5 years presented a much smaller overall survival probability improvement than those younger
than five years of age and within the age range of 5 years. The biological behavior of PB may vary with increasing age,
but many studies have been conducted to confirm this conclusion. In addition to age, the results of survival analysis
indicated that the year of diagnosis was a prognostic factor that influenced the survival of PB patients. Specifically, we
found that patients diagnosed before 1998 had significantly lower overall survival than those diagnosed after 1998. Our
data clearly reflect lead-time bias and length bias, particularly for PB. Additionally, the differential effect of screening
over time due to variation in screening rates is a confounding variable when analyzing temporal changes in survival rates
in diverse racial or ethnic groups. We recognized that changes in survival over time might be confounded by the
differential effects of various early interventions, and our analyses included the year of diagnosis in the multivariate
model and adjusted for its effect on survival. This differential effect may be partially due to a change in the classification
of deaths due to cancer. Mortality reflects a mixture of cancer diagnoses made at various points in the past, with
differences in available diagnostic practices, treatment options, and levels of supportive care. Much of the overall
mortality decline has been due to those cancers for which interventions have been introduced into the general population.
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Aggressiveness, the major characteristic of malignancy, is the chief cause of poor prognosis in most cancer patients. The
results of this study revealed, almost without exception, that the overriding risk factor for PB was the continuous
extension of disease, which was in line with results of other studies [64,65]. In particular, the random forest survival
model revealed that overall survival for groups whose tumors had spread to distant organs was significantly lower than
that for groups whose tumors were localized to the gland of origin; however, there was no significant difference in
overall survival between groups with tumors that had spread to regional organs and those that had tumors localized to the
gland of origin. Notably, tumor size is another crucial prognostic marker for various tumors. Currently, there is much
debate concerning the relationship between tumor size and prognosis. The results of a study conducted by Tirada and
colleagues revealed that increased tumor size often portended a poor prognosis for patients with cancers [66]. Consistent
with this, a study from Dittmar et al. showed that one of the high-risk factors for mortality was a larger tumor size [67].
In addition, it has been reported that the risk of death and recurrence increases with increasing tumor size [68]. However,
there is evidence that patients with tumors tend to have poorer survival when the tumor size is smaller [69,70]. In
contrast, the results of this analysis revealed that a larger tumor size was the main prognostic factor for poor survival.

Importantly, exploring the molecular mechanism of PB is highly important for its management. However, due to the
limited number of PB cases, reports regarding PB at the molecular level are fewer than case reports and clinical studies.
A genome-wide DNA methylation study by Capper et al. revealed that PB exhibited distinctive molecular features
despite its histologic resemblance to other central nervous system embryonal tumors [71]. In particular, several parallel
studies have shown that PB typically presents various distinct molecular subgroups [72-74]. A series reported by Anthony
et al. indicated that patients in the PB-miRNA1 or PB-miRNA2 groups were more commonly older children with a
median age at diagnosis of 8.5 years or young adolescents with a median age at diagnosis of 11.8 years, whereas PB-RB1
was found among younger children with a median age at diagnosis of 1.4 years [75]. Interestingly, tumor behavior
differed significantly among the molecular groups; specifically, patients in the PB-miRNA1 and PB-miRNA2 groups
often presented with localized disease. However, PB-RB1 was more common in patients with metastatic disease at
diagnosis. Similarly, Elke et al. reported that PB presented distinct subtypes with different subgroups, such as PB-Grp1A,
PB-Grp1B, and PB-Grp2, as well as Pin-RB1 and PB-MYC, two novel molecular groups [76]. In line with the results of
Anthony et al., distinct tumor behaviors and survival differed significantly among various subtypes. In summary, it is
critical for the management of rare tumors to explore molecular subtypes or novel clinical classifications combined with
molecular subtypes.

There was no doubt that this study has some limitations. First, the long span of a few decades of patient data collection
led to heterogeneity in examination, diagnosis, and treatment modalities. Additionally, several crucial data points related
to patient prognosis, such as the resection technique, chemotherapy regimen, and radiotherapy dose, were unavailable.
Third, the surg/rad sequence was unknown, which might lead to an unrealized evaluation of the effect of the sequence on
patient prognosis. Despite the shortcomings of this study, its advantages are also considerable and conspicuous.
Compared with previous studies, more information about the prognostic factors of PB was revealed in this study.
Additionally, inherent bias and heterogeneity were limited through regression analysis, and the statistical power was
improved significantly because of the increased number of PB patients. More importantly, the risk factors in the model
were more accessible to achieve than those realized by a high-priced technique and a great deal of time.

5. Conclusions

In summary, age, surg/rad sequence, stage, treatment approach, laterality, and tumor size were identified as major
prognostic factors of PB in this study. Additionally, we developed and validated a prognostic model that presented an
accurate and nonsubjective prediction for the prognosis of patients with PB. Most importantly, the model may help
clinicians assess patient prognosis and therapy decisions.
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Figure 2. Comparison of the predictive power of the Cox regression, survival tree, and random forest
survival models.

(A-C) Time-dependent ROC curves showing the sensitivity and specificity of the cancer-specific survival prediction
by the random forest survival, Cox regression, and survival tree models in the training dataset. (D-F) Time-dependent
ROC curves showing the sensitivity and specificity of the cancer-specific survival prediction by the random forest
survival, Cox regression, and survival tree models in the test dataset. (G & H) Dot-line plot of the C-index values of the
Cox regression, survival tree, and random forest survival models. (I) Dot-line plot of the Brier scores from the Cox
regression, survival tree, and random forest survival models.
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Figure 3. Evaluation of the prediction accuracy of the optimized random forest survival model.

(A) Time-dependent receiver operating characteristic (ROC) curve for the optimized random forest survival model.
(B) Time—dependent Brier score curves. (C) Time-dependent Brier score curves for Brier score loss after permutations
with subtraction of the full model loss in the optimized random forest survival model. (D) Time-dependent receiver
operating characteristic (ROC) curve for one minus C/D AUC loss after permutations with subtraction of the full model
loss in the optimized random forest survival model.
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Figure 4. Discrimination power of the random forest survival model.
Calibration plots for the training (A) and test (B) datasets, depicting the concordance between the predicted and
observed outcomes and validating the reliability of the random forest survival model for both datasets.
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Figure 5. Clinical utility of the optimized random forest survival model.

Decision curves of the optimized random forest survival model for predicting 3- (A), 5- (B), and 10-year (C)
cancer-specific survival in the training dataset; decision curves of the random forest survival model for predicting 3- (D),
5- (E), and 10-year (F) cancer-specific survival in the test dataset. The black line assumes that all patients experienced
cancer-specific death, whereas the yellow line on the plot assumes that none of the patients experienced cancer-specific
death. The blue line represents the net benefit of using the random forest survival model.
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Figure 6. Model interpretability of the random forest survival model.
The bar plot (A) and box plot (B) in the random forest survival analysis display the VIMPs of the eight variables
that are most crucial for global interpretability. The VIMPs of the eight variables with the highest significance for local

interpretability in the random forest survival analysis and survival rate estimation are displayed in the bar plot (C) and
survival curves (D).
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