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Abstract

Metastatic prostate cancer remains a significant health concern, necessitating the
use of accurate prognostic tools to predict patient outcomes. This study aims to
develop a novel survival prediction model for patients with metastatic prostate
cancer. Data for patients diagnosed with metastatic prostate cancer between
2010 and 2020 were sourced from the Surveillance, Epidemiology, and End Results
database. Independent prognostic features were identified using the least absolute
shrinkage and selection operator (LASSO)-Cox regression. Survival models, including
XGBoost, RandomForestSRC, CoxBoost, SuperPC, and the DeepSurv model, were
constructed, followed by an assessment of model predictive accuracy for 1-, 3-, and
5-year overall survival (OS) using the area under the receiver operating characteristic
curve (AUC). The optimal model was selected based on the highest AUC, followed by
feature importance evaluation and Kaplan-Meier survival analysis. A total of 10,408
eligible patients were enrolled, with 15 prognostic features identified by LASSO-
Cox regression. The DeepSurv model showed the best overall performance, with a
concordance index of 0.6488 and AUC values of 0.696, 0.685, and 0.720 for 1-, 3-, and
5-year OS, respectively. Gleason score and age were confirmed as core prognostic
features across multiple algorithms. Survival analysis showed high-risk patients (risk
score > median) had significantly shorter OS times than low-risk patients (risk score
< median; p < 0.001). The DeepSurv model achieves high OS prediction accuracy for
metastatic prostate cancer, and Gleason score and age are key core prognostic factors
for this population. This model enables reliable individualized risk stratification,
which can enhance clinical decision-making and improve patient outcomes.

Keywords: Metastatic prostate cancer; Machine learning; Deep learning; Survival model;
SEER database

1. Introduction

Prostate cancer is the second most commonly diagnosed cancer and the fifth leading
cause of cancer death among men worldwide.! Approximately 10 million men are
currently living with prostate cancer, with approximately 700,000 cases classified as

Volume 8 Issue 3 (2026)

1 doi: 10.36922/CP025510090


https://orcid.org/0009-0000-9243-951X
https://orcid.org/0009-0005-2359-0677
https://orcid.org/0009-0007-0922-1968
https://orcid.org/0009-0008-7646-7711
https://orcid.org/0009-0007-4730-3868
https://orcid.org/0009-0004-7762-7263
https://orcid.org/0009-0005-7754-7869
mailto:lh89708@126.com
mailto:JieLan9938@163.com
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Cancer Plus

ML model for metastatic prostate cancer survival

metastatic. This condition results in more than 400,000
deaths each year, a number anticipated to more than
double by 2040.> Despite progress in diagnostic and
treatment methods, approximately 30% of prostate cancer
cases develop into metastatic disease, primarily bone
metastasis.®> The 5-year survival rate of patients with
advanced metastatic prostate cancer is approximately 28%.*
Currently, the standard medical approaches for metastatic
disease include androgen deprivation therapy, androgen
receptor signaling inhibition, and chemotherapy. However,
most patients develop castration resistance, which is
associated with poor prognosis.® Timely detection and
precise prognostic assessment are essential for enhancing
patients’ overall survival (OS) outcomes and customizing
treatment strategies.® Therefore, it is crucial to identify the
key features of metastatic prostate cancer.

Prior research has established that multiple factors,
such as age, tumor-node-metastasis (TNM) stage, Gleason
score, prostate-specific antigen (PSA) level, and surgical
and distant metastases, are closely linked to the survival
outcomes of patients with prostate cancer.” Early detection
allows for more effective treatment options and better
management of the disease, leading to improved patient
outcomes.® Integrating PSA level, grade, and stage allows for
the development of robust prognostic models for prostate
cancer, and refining group stratification systems can
enhance model discrimination.’ It is also important to note
that the prognosis of prostate cancer can be significantly
influenced by the patient’s overall health status, including
comorbidities and lifestyle factors.!"! Moreover, recent
studies have highlighted the role of genetic factors in the
development and progression of prostate cancer, suggesting
that personalized medicine approaches may be beneficial.*?
For example, Gravis et al."* used alkaline phosphatase to
establish a simple prognostic prediction model for non-
castrate metastatic prostate cancer; however, the model
showed inadequate performance with a concordance
index (C-index) of 0.64. Therefore, there is a need to
develop robust prognostic models to improve the clinical
outcomes of metastatic prostate cancer. Gleason score
and age are well-recognized as the most robust prognostic
indicators for prostate cancer, and their association with
increased death risk has been repeatedly validated in
previous population-based studies. However, the value of
integrating these classic indicators with other clinical and
metastasis-related features into a machine learning-based
prognostic model—for calculating individual risk scores
and predicting subsequent outcomes in de novo metastatic
prostate cancer—has not been fully explored. Therefore,
it is crucial to construct a practical prognostic model for
individualized risk assessment. The core objective of this
study is to develop such a comprehensive model, which

can provide actionable clinical references for treatment
decision-making, and this constitutes the key innovation
of our work.

With the advent of machine learning, alternative
approaches for predictor selection have become feasible.
Several predictive models exhibiting exceptional
performance have been developed for clinical practice using
machine learning.'»* The Surveillance, Epidemiology,
and End Results (SEER) database (https://seer.cancer.
gov/) encompasses a diverse group of patients from
various geographical locations, offering comprehensive
clinicopathological data and follow-up information, which
provides a wealth of medical cases for analysis.’>!¢ This
real-world database provides a large cohort suitable for
machine-learning model development.”” However, few
studies have focused on constructing prognostic models
for metastatic prostate cancer based on data from the SEER
database.

It is worth noting that the SEER database has been
widely used in cancer research due to its large sample size
and rich clinical information, which can provide reliable
data support for the development of prognostic models."
For example, a study by Lee et al."! applied a novel machine
learning framework to predict non-metastatic prostate
cancer-specific mortality using the SEER database,
demonstrating the potential of machine learning in cancer
prognosis.

Therefore, in this study, we integrated the least absolute
shrinkage and selection operator (LASSO)-Cox regression
with multiple machine learning and deep learning
algorithms to establish an optimal survival prediction
model for patients with metastatic prostate cancer. This
model relies on clinical and histopathological features
linked to the prognosis of metastatic prostate cancer in
the SEER database. We further validated the predictive
power of the survival model by stratifying the patients into
risk categories and conducting a survival analysis. These
findings may help inform clinical decision-making and
improve patient care outcomes.

2. Methods
2.1. Data source

Data from patients diagnosed with prostate cancer
between 2010 and 2020 were obtained from the SEER
database using the SEER*Stat software (version 8.4.3,
National Institutes of Health, United States of America).
The inclusion criteria were as follows: (i) site code of C61.9
according to the International Classification of Diseases
for Oncology 3rd Edition; (ii) diagnosis date between 2010
and 2020; (iii) cases with positive histologic confirmation
to ensure diagnostic accuracy; (iv) inclusion of samples
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with complete survival time data; (v) exclusion of samples
with only autopsy or death reports; and (vi) consideration
of marital status, restricting samples to married and single
patients to avoid potential misinterpretation from atypical
marital statuses. The exclusion criteria were as follows:
(i) patients without any metastases, and (ii) patients with
incomplete data (such as age, stage, Gleason score, race,
and radiotherapy information) and other tumor types.
Strict exclusion of non-adenocarcinoma histotypes and
secondary metastatic tumors to the prostate, combined
with the above screening criteria, ensured that all enrolled
patients were primary prostatic adenocarcinoma cases
with complete clinicopathological and follow-up data.
Based on these criteria, 10,408 patients were included in
this study. The prognostic survival status and survival time
of all enrolled patients were defined as OS, referring to the
time from the initial diagnosis of metastatic prostate cancer
to death from any cause. The detailed screening process is
illustrated in Figure 1. As the data were obtained from an
open database, ethical approval or informed consent was
not required.

2.2. Feature selection

Statistical analyses were conducted using R (version
4.3.1; https://www.r-project.org) and Python (version
3.8.19; https://www.python.org/) software. To identify
independent prognostic factors associated with metastatic
prostate cancer, we applied LASSO-Cox regression to filter
the features relevant to patients’ prognosis. The selected
features were subsequently incorporated into the predictive
models. Patients were randomly split into training and
testing sets in a 7:3 ratio using R. The optimal age cutoft
value was determined using X-tile software.'® To address
potential biases from random sampling, we employed
a chi-squared test to examine the variables between the
two sets, with a significance threshold set at p < 0.05. The
PSA levels were stratified into three categories (<10 ng/
mL, 10-20 ng/mL, >20 ng/mL) in accordance with the
clinical practice guidelines for prostate cancer, which is
a widely accepted stratification criterion for prognostic
assessment of prostate cancer patients in clinical settings.
T stage was initially included as a candidate prognostic
feature in the primary analysis, while LASSO-Cox
regression revealed that T stage was not retained as a
prognostic feature in the final model (p > 0.05). Thus, T
stage and other non-significant variables were excluded,
and only statistically significant variables were retained for
subsequent model construction and analysis. For lymph
node (LN)-related features, N stage was used to represent
regional LN involvement, whereas distant LN metastasis
represented non-regional LN metastasis. The two features
were included as independent variables in the subsequent

analysis due to their distinct clinical implications.

2.3. Construction of survival models

Based on the selected features, survival models were
constructed using machine learning algorithms in
the R package, including XGBoost (version 1.7.5.1)",
RandomForestSRC (version 3.2.2)%*, CoxBoost (version
1.4)*, and SuperPC (version 1.12).2 In addition, the
DeepSurv?® model, a novel deep learning approach
combining Cox proportional hazards for survival analysis,
was developed using Python. During the construction
of these models, hyperparameter tuning was performed
to select the optimal parameters for model building and
training. Model training and hyperparameter tuning were
performed on the training set. To evaluate the predictive
accuracy of the survival models, we performed receiver
operating characteristic (ROC) curve analysis using the
R package timeROC (version 0.4)** based on the training
and testing sets. The area under the receiver operating
characteristic curve (AUC) was determined to evaluate the
accuracy of the model for predicting OS at 1, 3, and 5 years.
ROC curves were plotted for visual representation.

2.4. Analysis of key features from the optimal
survival model

Thefinal model was selected based on overall discrimination
across the evaluated survival horizons together with the
C-index. The importance of the features within this model
was evaluated using the SHapley Additive exPlanations
(SHAP) Python package (version 0.32.0).%

2.5. Kaplan-Meier curve analysis

Using the testing set, we calculated the risk scores of the
samples using the optimal survival model in the R package
survival (version 3.5-7).2° The median risk score of all
samples was set as the critical value for binary stratification:
patients with a risk score higher than the median were
classified into the high-risk group, while those with a risk
score lower than or equal to the median were assigned to
the low-risk group. The log-rank test was applied to assess
the difference in survival outcomes between the two risk
groups, and Kaplan-Meier (KM) survival curves were
plotted to visualize the survival differences.

3. Results
3.1. Patient characteristics and feature selection

A total of 10,408 eligible patients were enrolled in this
study. Subsequent LASSO-Cox regression analysis
identified 15 features related to prognosis (Figure 2):
marital status, age, race, N stage (regional LN metastasis),
surgery, chemotherapy, radiation, LN metastasis (non-
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390,333 patients with prostate cancer identified in the SEER
database

367,109 patients without metastasis excluded

\

23,224 patients with metastasis initially included

@8 patients with unknown age \

136 patients with unknown stage

6,104 patients with unknown T stage

1,600 patients with unknown N stage

16 patients with unknown surgery status

1,433 patients who died of causes other than prostate
cancer

—_— 1,797 patients with missing Gleason scores

574 patients with missing PSA levels

136 patients with unknown radiation status

53 patients with unknown lymph node metastasis
14 patients with unknown bone metastasis

77 patients with unknown brain metastasis

23 patients with unknown liver metastasis

77 patients with unknown lung metastasis /

A

10,646 patients retained

181 patients with survival time of less than 1 month
57 patients of cancer types other than adenocarcinoma

10,408 patients included in the final analysis

Figure 1. Flowchart of patient inclusion and exclusion for the metastatic prostate cancer cohort. A total of 390,333 patients with prostate cancer were
initially identified from the Surveillance, Epidemiology, and End Results (SEER) database. After exclusion of patients without metastasis (n = 367,109),
those with unknown age (n = 538), unknown stage (n = 136), unknown T stage (n = 6,104), unknown N stage (n = 1,600), unknown surgical status (n =
16), deaths from causes other than prostate cancer (n = 1,433), missing Gleason score (n = 1,797), missing PSA levels (n = 574), unknown radiation status
(n =136), unknown lymph node metastasis status (n = 53), unknown bone metastasis status (n = 14), unknown brain metastasis status (n = 77), unknown
liver metastasis status (n = 23), unknown lung metastasis status (n = 77), survival time of less than 1 month (n = 181), and non-adenocarcinoma histology
(n = 57), 10,408 patients with adenocarcinoma were included in the final analysis. Patients with missing key clinicopathologic or metastasis-related data
were excluded to define the final analytic cohort.

regional LN metastasis), bone metastasis, brain metastasis, The patients were then randomly assigned into training
liver metastasis, lung metastasis, first malignant primary (n=7,285) and testing (n = 3,123) sets using R. Optimal age
indicator (all cases were primary prostaticadenocarcinoma, cutoff values were established via X-tile, resulting in three
with the 8% proportion attributed to sample size reduction age groups: <73, 73-80, and >80 years. Furthermore, chi-
after excluding missing data), Gleason score, and PSA level. squared tests revealed no significant differences in features
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between the training and testing sets (Table 1), indicating
that the baseline characteristics were balanced between the
training and testing sets and could be employed for further
analyses.

3.2. Construction and validation of survival models

Survival models were constructed using five algorithms,
and their performances were validated based on the testing
dataset. The C-indexes of the survival models constructed
using the CoxBoost, RandomForestSRC, SuperPC,
XGBoost, and DeepSurv algorithms were 0.6486, 0.6466,
0.6080, 0.6372, and 0.6488, respectively. ROC analysis
showed that for 1-, 3-, and 5-year OS predictions, the
AUC values of the CoxBoost model were 0.683, 0.686,
and 0.697, respectively (Figure 3A); the AUC values of the
RandomForestSRC model were 0.675, 0.683, and 0.700
(Figure 3B); the SuperPC model yielded AUC values of
0.633, 0.649, and 0.689 (Figure 3C); the AUC values of the
XGBoost model were 0.688, 0.669, and 0.707 (Figure 3D);
and the DeepSurv model produced AUC values of 0.696,
0.685, and 0.720 (Figure 3E). Owing to the highest AUC
and C-index values of the DeepSurv model among these
models, this model was chosen as the final survival model.
The optimal DeepSurv model integrates 15 prognostic
features (including Gleason score, age, and metastasis-
related indicators) to generate individual risk scores for
each patient (Figure 4). This score-based stratification
enables precise differentiation of survival outcomes, as

evidenced by the significant survival difference between
high-risk and low-risk groups (p < 0.001; Figure 5),
confirming the model’s practical value for individualized
prognostic assessment.

3.3. Identification of key features from the optimal
survival model

Using the SHAP library, we assessed the importance of the
features within the DeepSurv model. The results showed
that the five features with the highest importance were
LN metastasis, PSA level, age, Gleason score, and lung
metastasis. The importance ranking of the features and the
error variations during the training process of DeepSurv
are shown in Figure 4A and 4B. Moreover, we calculated the
feature importance using the random forest algorithm, and
the top five features were the Gleason score, liver metastasis,
age, bone metastasis, and brain metastasis (Figure 4C).
Notably, the Gleason score and age were ranked among
the top five by comparison of the importance rankings of
the two algorithms. Consistently, Gleason score and age
were ranked among the top five in both algorithms, which
further confirmed their stable and core prognostic role
in patients with metastatic prostate cancer—even when
multiple metastasis-related clinical features were included
in the model. Notably, the integration of these core features
with other clinical variables (e.g., LN metastasis, PSA
level) in the DeepSurv model enhances the accuracy of
individual risk prediction, which is the key advantage of

Figure 2. LASSO regression parameter selection. LASSO, least absolute shrinkage and selection operator. The left panel illustrates the partial likelihood

deviances across different values of the regularization parameter Log()), with the optimal value marked by the vertical dashed line. The right panel displays
the trajectories of the coefficients for the features as Log(A) decreases. Each line represents the coefficient path of a single feature, demonstrating how the
feature importance changes with the regularization strength. The numbers above the lines in the right panel do not correspond to specific features but are

identifiers generated by the algorithm to distinguish between different features.
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Table 1. Comparison of clinicopathological characteristics of patients with metastatic prostate cancer in the training and testing

sets

Baseline characteristics Test (n = 3,123) Train (n = 7,285) p-value

Marital
Single 618 (19.8%) 1,524 (20.9%) 0.2
Married 2,505 (80.2%) 5,761 (79.1%)

Age
<73 2,007 (64.3%) 4,769 (65.5%) 0.483
73-80 714 (22.9%) 1,598 (21.9%)
>80 402 (12.9%) 918 (12.6%)

Race
White 2,422 (77.6%) 5,612 (77.0%) 0.946
Black 475 (15.2%) 1,132 (15.5%)
Asian or Pacific Islander 205 (6.6%) 493 (6.8%)
American Indian/Alaska Native 21 (0.7%) 48 (0.7%)

T stage 0.357
T1-T2 892 (28.6%) 2,071 (28.4%)
T3-T4 2,231 (71.4%) 5,214 (71.6%)

N (regional lymph node metastasis)
NO 1,904 (61.0%) 4,402 (60.4%) 0.62
N1 1,219 (39.0%) 2,883 (39.6%)

Surgery
No 2,696 (86.3%) 6,246 (85.7%) 0.446
Yes 427 (13.7%) 1,039 (14.3%)

Chemotherapy
No 2,531 (81.0%) 5,868 (80.5%) 0.576
Yes 592 (19.0%) 1,417 (19.5%)

Radiation
No 2,293 (73.4%) 5,318 (73.0%) 0.673
Yes 830 (26.6%) 1,967 (27.0%)

Lymph node metastasis
No 2,431 (77.8%) 5,720 (78.5%) 0.459
Yes 692 (22.2%) 1,565 (21.5%)

Bone metastasis
No 233 (7.5%) 550 (7.5%) 0.907
Yes 2,890 (92.5%) 6,735 (92.5%)

(Contd...)
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Table 1. (Continued)

Baseline characteristics Test (n = 3,123) Train (n = 7,285) p-value
Brain metastasis
No 3,099 (99.2%) 7,252 (99.5%) 0.064
Yes 24 (0.8%) 33 (0.5%)
Liver metastasis
No 3,029 (97.0%) 7,047 (96.7%) 0.533
Yes 94 (3.0%) 238 (3.3%)
Lung metastasis
No 2,905 (93.0%) 6,757 (92.8%) 0.658
Yes 218 (7.0%) 528 (7.2%)
First malignant primary indicator
No 251 (8.0%) 578 (7.9%) 0.89
Yes 2,872 (92.0%) 6,707 (92.1%)
Gleason score
6 57 (1.8%) 131 (1.8%) 0.709
7 432 (13.8%) 962 (13.2%)
8 737 (23.6%) 1,776 (24.4%)
9 1,525 (48.8%) 3,596 (49.4%)
10 372 (11.9%) 820 (11.3%)
PSA
<10 ng/mL 407 (13.0%) 991 (13.6%) 0.222
10-20 ng/mL 410 (13.1%) 1,032 (14.2%)
>20 ng/mL 2,306 (73.8%) 5,262 (72.2%)

Note: N stage: Regional lymph node metastasis; Lymph node.metastasis: Non-regional lymph node metastasis.

our model compared to previous studies that only focused
on validating single prognostic factors.

3.4. Kaplan-Meier curve analysis

Using the testing set, we generated risk scores from the
DeepSurv model for the testing cohort, and high-risk
patients had significantly shorter OS than low-risk patients
(p <0.001; Figure 5).

4. Discussion

Metastatic prostate cancer is linked to a substantial
decrease in OS.” Given the large number of patients with
metastatic disease and projected increase in mortality
rates, the importance of identifying key prognostic
indicators cannot be overemphasized. This study provides
a comprehensive analysis of the prognostic factors
influencing OS outcomes in patients with metastatic

prostate cancer, utilizing a robust dataset from the SEER
database. Moreover, the DeepSurv model performed better
than the other algorithms, showing high performance in
predicting survival.

Our feature selection process, employing LASSO-
Cox regression, enabled us to identify 15 critical features
that were closely related to the prognosis of metastatic
prostate cancer, including marital status, age, race, N
stage, surgery, chemotherapy, radiation, LN metastasis,
bone metastasis, brain metastasis, liver metastasis, lung
metastasis, first malignant primary indicator, Gleason
score, and PSA level. These features have been confirmed
to be important prognostic factors in prostate cancer.
For instance, Chen et al.*® identified marital status, age,
race, TNM stage, radiotherapy, chemotherapy, surgery,
Gleason score, and PSA concentration as independent
prognostic factors for prostate cancer. Li et al.*’ revealed
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Figure 3. The 1-, 3-, and 5-year ROC curves of five algorithms. (A) CoxBoost model; (B) RandomForestSRC model; (C) SuperPC model; (D) XGBoost

model; (E) DeepSurv model.
Abbreviation: AUC: Area under the receiver operating characteristic curve.

that age, marital status, bone metastasis, brain metastasis,
liver metastasis, lung metastasis, distant LN metastasis,
and N stage are significant factors affecting the prognosis
of prostate cancer. To better understand the significance
of these features, we calculated their importance using
DeepSurv and random forest algorithms and found that
factors such as Gleason score and age were key prognostic
factors across different modeling approaches. An older age
at diagnosis has been connected to a higher incidence of de
novo metastatic prostate cancer and worse prostate cancer-
specific survival.**-** The poorer prognosis of older adult
patients with metastatic prostate cancer may be attributed
to the more rapid advancement of resistant disease®
and their limited capacity to undergo comprehensive
treatments, such as chemotherapy, owing to frailty or
existing comorbidities.*® Additional research is needed to
clarify the reasons for the poorer prostate cancer-specific
survival in older adult men and create new treatment
options suitable for frail patients with comorbidities. In
addition, the risk and timing of metastatic progression in
prostate cancer are closely associated with Gleason score in
real-world scenarios, even after accounting for potentially
unfavorable confounding factors.** A longer interval

between the initial diagnosis of prostate cancer and the
onset of metastases is associated with higher survival rates.
Therefore, the Gleason score should be incorporated into
clinical follow-up and patient counseling after initial local
treatment, particularly for patients with higher Gleason
scores, to improve the prognosis of metastatic prostate
cancer.

As well-recognized core prognostic indicators for
prostate cancer, the Gleason score and age showed stable
and high prognostic importance in our study of metastatic
prostate cancer, which is consistent with the conclusions of
previous population-based studies. Unlike previous studies
that primarily validated the prognostic value of individual
factors (e.g., Gleason score, age) in metastatic prostate
cancer, the core innovation of our study lies in developing
a comprehensive clinical prognostic model integrated
with multiple clinical features. This model can calculate
a personalized risk score for each patient to predict
subsequent prognosis, which addresses the clinical need
for individualized risk assessment in metastatic prostate
cancer management. However, the present study further
revealed three novel perspectives for these two indicators
in the metastatic subgroup: First, in the context of multiple
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Figure 4. Analysis of the importance of features within the DeepSurv model. (A) Importance ranking of features. (B) Error variation during the training
process of DeepSurv. (C) Feature importance calculated by the random forest algorithm.

Abbreviation: LN: Lymph node; N: Node.

metastasis-related features (e.g., LN metastasis, multi-organ
metastasis) being included in the model, Gleason score
and age still maintained top five prognostic importance,
suggesting their irreplaceable predictive value even when
metastatic status is confirmed. Second, the Gleason score
outperformed most organ metastasis indicators (e.g.,
bone, brain, liver metastasis) in the random forest analysis,
which indicated that the intrinsic tumor aggressiveness
characterized by the Gleason score may have a more
persistent impact on survival than the specific metastatic
site in patients with metastatic prostate cancer. Third, age
was a consistent top-five feature in both algorithms, and
combined with the age stratification result (<73, 73-80,
>80 years), it further confirmed that advanced age is an
independent adverse prognostic factor in this subgroup—
possibly due to the limited tolerance to systemic therapy
and the higher incidence of comorbidities. These findings

provide new clinical insights for prognostic stratification
of metastatic prostate cancer: in clinical practice, even for
patients with confirmed metastasis, the routine assessment
of Gleason score (at initial diagnosis) and age should still
be prioritized, and their combination with metastasis-
related indicators (e.g., LN metastasis, PSA level) can more
accurately stratify the survival risk of patients, which is
conducive to the formulation of individualized treatment
strategies.

Taken together, these findings support the rationale for
integrating such factors into clinical practice to refine risk
stratification and approaches for managing patients with
metastatic disease.

Survival analysis is a branch of statistics focused on
the assessment of time-to-event outcomes such as death,
metastasis, and recurrence.*® This approach effectively
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Figure 5. Kaplan-Meier curve analysis based on the testing set

addresses censored data and offers a more dynamic
perspective of the probability of an event occurring over
time.* The application of machine learning and deep
learning algorithms has made significant progress in the
domain of survival analyses. Several machine learning and
deep learning algorithms have been utilized to develop
survival models to predict cancer survival.”’-** In this study,
the DeepSurv model demonstrated superior predictive
capabilities compared to other algorithms, as evidenced
by the high AUC and C-index values across the survival
endpoints. Patient stratification, followed by KM survival
analysis based on the testing dataset, confirmed the
validity of our model, highlighting its potential for clinical
applications. These risk categories allow clinicians to tailor
treatment plans for individual patients more effectively,

emphasizing the need for personalized approaches to
metastatic prostate cancer management. It is worth
mentioning that the development of prognostic models
using machine learning and deep learning algorithms
has shown great potential in improving the accuracy
of cancer survival prediction. For example, Saito et al.”’
used machine learning to predict time-series prognosis
factors in metastatic prostate cancer patients treated with
androgen deprivation therapy, achieving good predictive
performance. This indicates that machine learning and
deep learning algorithms can effectively capture the
complex relationships between various factors and survival
outcomes, thereby providing more accurate prognostic
information for clinicians and patients.

This study has some limitations. First, this study was
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retrospective, and the potential for selection bias could not
be eliminated. Second, this study was based exclusively
on data from the SEER database, and the lack of some
variables in SEER inevitably constrained our findings.
Third, although the study used data from the SEER
database, which includes patients from various geographic
locations, it did not explicitly address the applicability of
the model across different populations or subgroups. It is
recommended to analyze the performance of the model
in various subgroups, such as race, age, and region, and
explore potential differences and limitations in its clinical
application across different global regions. Finally, the
predictive model was not externally validated, and its
applicability should be further validated in clinical cohorts.
In the future, more prospective multicenter studies across
diverse ethnic populations should be conducted to validate
the effectiveness of the model and explore guidelines and
strategies for its specific application in clinical practice.
The practical significance of our study is reflected in the
translation of research findings into a usable tool: the
developed DeepSurv model can be applied in clinical
practice to calculate individual risk scores, helping
clinicians identify high-risk patients who may benefit from
more aggressive treatment and low-risk patients for whom
overtreatment can be avoided. This personalized approach
is conducive to improving the overall management
efficiency and patient outcomes of metastatic
prostate cancer.

5. Conclusion

This study successfully developed a comprehensive
prognostic model for metastatic prostate cancer based
on the DeepSurv algorithm, which integrates 15 clinical
features, including Gleason score and age (core prognostic
factors). The model can calculate individualized risk scores
to predict subsequent patient prognosis, demonstrating
high survival prediction accuracy and reliable risk
stratification capability by integrating these classic
indicators with metastasis-related features. This study
not only reinforces the role of established prognostic
factors in metastatic prostate cancer but also advocates
for the integration of advanced statistical methodologies
into routine clinical practice. Future investigations
should prioritize the validation of these models in larger
independent cohorts and examine the incorporation of
additional genomic and molecular data to provide further
insights into patient outcomes and potential treatment
targets. The successful application of machine learning
and deep learning algorithms in this study highlights the
potential of these advanced methodologies to transform
cancer prognosis and treatment. As the field of oncology
continues to evolve, the integration of artificial intelligence

and big data analytics will undoubtedly play a crucial role
inimproving patient outcomes and advancing personalized
medicine. Therefore, it is essential to continue exploring
and refining these technologies to better serve the needs
of patients with metastatic prostate cancer and other
complex diseases. Additionally, the collaboration between
clinicians, data scientists, and researchers is vital for the
development of more accurate and reliable prognostic
models. By leveraging the power of machine learning and
deep learning, we can potentially uncover new biomarkers
and therapeutic targets, leading to more effective treatment
strategies for metastatic prostate cancer.
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