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1. Introduction 
Prostate cancer is the second most commonly diagnosed malignancy in men worldwide, 

accounting for over 375,000 deaths annually (Sung et al., 2021; Culp et al., 2024). While most 

patients present with localised disease and a favourable prognosis, significant heterogeneity in 

disease progression necessitates accurate risk stratification to guide treatment decisions and avoid 

both overtreatment of indolent cancers and undertreatment of aggressive variants (Rebello et al., 

2023; Schaeffer et al., 2025). Traditional prognostic approaches have relied heavily on clinico-

pathological variables including tumour grade, pathological stage, and age integrated through Cox 
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Abstract 
Machine learning survival models are increasingly applied to prostate cancer risk stratification, yet rigorous comparisons with traditional 

approaches accounting for competing mortality remain limited. We hypothesized that Random Survival Forest would demonstrate superior 

discrimination compared to Cox proportional hazards modelling. We analysed 14,294 prostate cancer patients (median follow-up 30 months). 

Cox and Random Survival Forest models were developed using grade, stage, and age. Proportional hazards were assessed via Schoenfeld 

residuals, with stage used as stratification where violated. Competing risks were modelled using Fine-Gray regression. Models were compared 

on an independent test set using C-index, time-dependent AUC, Integrated Brier Score, and calibration plots.  Poor tumour grade was the 

strongest prognostic factor across all approaches (Cox HR = 4.15, p < 0.001; RSF importance = 0.374; Fine-Gray SHR = 3.91, p < 0.001). Age 

demonstrated a dose-response relationship, with patients aged 80+ years showing markedly elevated risk (Cox HR = 3.39; Fine-Gray SHR = 

2.82; both p < 0.001). Both models demonstrated good discrimination (Cox C-index = 0.754, 95% CI: 0.731–0.777; RSF C-index = 0.734, 95% 

CI: 0.711–0.757) and excellent calibration (IBS: Cox = 0.063, RSF = 0.064; p = 0.215). Time-dependent AUC favoured RSF across all time 

points, though absolute differences were modest (ΔAUC = +0.005 to +0.019; all p = 0.05). Our hypothesis was not supported. RSF did not 

meaningfully outperform a well-specified Cox model. Both models provide excellent, nearly equivalent predictive performance. Traditional 

methods remain clinically appropriate; machine learning offers complementary value for time-dependent prediction but does not justify routine 

replacement. 
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proportional hazards models to estimate survival probabilities and hazard ratios (D'Amico et al., 

2023; Cooperberg et al., 2024). 

The Cox model remains the cornerstone of survival analysis in oncological research due to its 

interpretability, well-established inferential framework, and ability to handle censored outcomes 

(Therneau & Grambsch, 2023; George et al., 2024). However, its reliance on the proportional 

hazards assumption and its restriction to pre-specified linear relationships limit its capacity to capture 

complex, non-linear interactions that characterise real-world patient populations (Zhou et al., 2023; 

Wongvibulsin et al., 2025). Moreover, prostate cancer patients face substantial competing mortality 

risks from other causes, which standard Cox models do not explicitly account for unless extended 

through cause-specific or subdistribution hazard frameworks (Austin & Fine, 2023; Geskus, 2024). 

Random survival forests, an ensemble method extending Breiman's random forest framework to 

survival outcomes, offer several theoretical advantages: automatic detection of non-linear effects, 

capacity to model interactions without a priori specification, and no requirement for proportional 

hazards (Ishwaran & Kogalur, 2024; Boulesteix et al., 2023). Numerous studies across diverse 

oncological settings have demonstrated that random survival forests can achieve predictive 

performance comparable or superior to Cox models, particularly when complex predictor 

relationships exist (Xu et al., 2023; Rahman et al., 2024; Wang et al., 2025). 

 

1.1 Gap in the Literature 

Despite the proliferation of studies comparing Cox and random survival forest models, several 

critical gaps remain. First, direct comparisons of these approaches, specifically in prostate cancer 

cohorts, particularly those that explicitly account for competing mortality risks, are surprisingly 

scarce (Sexton et al., 2023; Li et al., 2024). Given the advanced age of typical prostate cancer 

patients and the high prevalence of non-cancer mortality, failure to account for competing events 

may lead to biased estimates and overestimation of prostate cancer-specific risk (Austin et al., 2025). 

Yet, most existing comparative studies either ignore competing risks entirely or apply cause-specific 

Cox models without subdistribution hazard frameworks (Geskus, 2024). 

Second, existing comparative studies often evaluate models under idealised conditions that do not 

reflect real-world methodological rigour. Many employ default hyperparameters without systematic 

tuning, fail to assess calibration alongside discrimination, or neglect to verify fundamental modelling 

assumptions such as proportional hazards (Poldrack et al., 2023; Van Calster et al., 2024). This limits 

the generalizability of their findings and leaves unanswered whether observed performance 

advantages reflect genuine model superiority or merely inadequate implementation of comparator 

models (Probst et al., 2023). 

Third, few studies have simultaneously evaluated both Cox and random survival forest models 

within a unified, transparent, and rigorous framework that includes formal proportional hazards 

testing with appropriate remediation through stratification, systematic hyperparameter optimization 

via grid search, competing risks adjustment using Fine-Gray regression, and comprehensive 

performance assessment across multiple complementary metrics spanning both discrimination and 

calibration (Blanche et al., 2023; Alba et al., 2024; Kamarudin et al., 2024). 

Fourth, and most fundamentally, it remains unclear whether any observed performance advantages 

of random survival forests are of sufficient magnitude to be clinically meaningful or to justify their 

increased computational complexity and reduced interpretability relative to a well-specified, optimally 

implemented Cox model (Vickers et al., 2023; Steyerberg & Harrell, 2024). This question is 

particularly pressing in prostate cancer, where established risk stratification systems based on 

conventional models already achieve reasonable discriminatory performance and where the added 
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value of machine learning remains contested (Cooperberg et al., 2024). 

 

1.2 Study Objectives and Hypothesis 

Accordingly, this study was designed to address these gaps by developing and internally validating 

Cox proportional hazards and random survival forest models for predicting prostate cancer-specific 

mortality using a large, real-world cohort of 14,294 patients. We systematically assessed the 

proportional hazards assumption using Schoenfeld residuals and, where violated, implemented 

stratified Cox modelling to ensure valid inference (Grambsch & Therneau, 2024). To account for 

competing mortality risks from other causes, we applied Fine-Gray subdistribution hazards regression, 

providing complementary estimates of covariate effects on the cumulative incidence function (Austin 

et al., 2025). We conducted a rigorous head-to-head comparison of model performance on an 

independent test set using multiple complementary metrics, including Harrell's C-index, time-

dependent AUC at 12, 24, 36, and 60 months for discrimination, and Integrated Brier Score alongside 

calibration plots at 36 months for calibration (Gerds & Schumacher, 2023; Kamarudin et al., 2024). 

We hypothesized that, following systematic hyperparameter tuning and rigorous validation, the 

Random Survival Forest model would demonstrate statistically significant and clinically meaningful 

improvements in discrimination (C-index and time-dependent AUC) and calibration (IBS) compared 

to the Cox proportional hazards model for predicting prostate cancer-specific mortality. 

This study contributes the first rigorous, head-to-head comparison of Cox and Random Survival 

Forest models in prostate cancer that simultaneously: (1) systematically tests and addresses 

proportional hazards violations; (2) implements comprehensive hyperparameter tuning via grid search; 

(3) accounts for competing mortality risks using Fine-Gray regression; and (4) evaluates both 

discrimination and calibration using multiple complementary metrics on an independent test set. No 

prior study has combined all four methodological rigor elements within a single prostate cancer cohort 

of this size. By addressing these gaps within a unified analytical framework, this study provides 

evidence-based guidance for model selection in prostate cancer prognostic research and clarifies the 

practical trade-offs between statistical flexibility and clinical interpretability that accompany the 

adoption of machine learning methods in oncological survival analysis (Riley et al., 2025). 

 

2. Materials and Methods 

2.1 Study Design and Data Source 

This retrospective cohort study utilized data from a large institutional registry of prostate cancer 

patients. The dataset comprised 14,294 patients with complete information on survival time, vital 

status, tumor grade, pathological stage, and age group. The primary outcome was prostate cancer-

specific mortality, with death from other causes treated as a competing event. Follow-up time was 

measured in months from diagnosis to death or last follow-up (Clark et al., 2023; Pencina et al., 2024). 

 

2.2 Study Population 

Eligible patients included those with a confirmed prostate cancer diagnosis and complete data on all 

covariates of interest. Patients were categorized according to tumor grade (poor vs. not poor), 

pathological stage (T1ab, T1c, T2), and age group (66–69, 70–74, 75–79, 80+ years). The reference 

categories were set as not poor grade, stage T1ab, and age group 66–69 years. Patients with missing 

data on any variable of interest were excluded from the analysis (Wong et al., 2023). 
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2.3 Statistical Analysis 

All analyses were conducted in R version 4.5.0 (R Core Team, 2025)  using the survival, 

randomForestSRC, cmprsk, pec, timeROC, and caret packages. A significance level of α = 0.05 was 

used for all statistical tests, and confidence intervals were calculated at the 95% level. The dataset was 

randomly split into training (70%) and test (30%) sets using stratified sampling to preserve the 

proportion of prostate cancer deaths in both subsets (Steyerberg & Harrell, 2024). 

 

 

2.3.1 Cox Proportional Hazards Model 

A Cox proportional hazards model was fitted on the training data to assess the association between 

covariates and prostate cancer-specific mortality (Cox, 1972; Therneau & Grambsch, 2023). The model 

included tumor grade, pathological stage, and age group as independent variables. The proportional 

hazards assumption was evaluated globally and for each covariate using Schoenfeld residuals 

(Schoenfeld, 1982; Grambsch & Therneau, 2024). Grade and age group demonstrated significant 

violations of the proportional hazards assumption; therefore, stage was used as a stratification variable 

in a secondary stratified Cox model (Kleinbaum & Klein, 2023). Model discrimination was assessed 

using Harrell's concordance index (Harrell et al., 1996; Harrell, 2024), and calibration was evaluated 

graphically at 36 months (Austin et al., 2023). 

 

 

2.3.2 Random Survival Forest 

A Random Survival Forest model was developed on the training data using the randomForestSRC 

package (Ishwaran et al., 2008; Ishwaran & Kogalur, 2024). Hyperparameter tuning was performed 

via grid search to optimise model performance. The tuning grid included the number of trees (300, 

500), the number of variables randomly sampled at each split (mtry = 1, 2), and minimum terminal 

node size (nodesize = 15, 20) (Probst et al., 2019; Boulesteix et al., 2023). Models were fitted with 

log-rank splitting, sampling without replacement (swor) with a resample size of 63.2% of the training 

data, and 10 random split points (Ishwaran et al., 2011; Mogensen et al., 2023). The optimal 

hyperparameters were selected based on the lowest out-of-bag (OOB) error rate. Variable importance 

was measured using the default VIMP (variable importance) method, which quantifies the increase in 

prediction error when a variable is randomly permuted (Breiman, 2001; Janitza et al., 2024). 

 

 

2.3.3 Competing Risks Analysis 

To account for death from other causes as a competing event, a Fine-Gray subdistribution hazards 

model was fitted on the full dataset (Fine & Grey, 1999; Austin & Fine, 2023). This model estimates 

the effect of covariates on the cumulative incidence function for prostate cancer-specific mortality 

while accounting for the competing risk of death from other causes (Putter et al., 2007; Geskus, 2024). 

The same covariate structure (grade, stage, age group) was used. Subdistribution hazard ratios with 

95% confidence intervals were reported. Cumulative incidence functions stratified by tumour grade 

were estimated using the Aalen-Johansen method (Aalen & Johansen, 1978; Beyersmann et al., 2023). 
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2.3.4 Model Performance Evaluation 

Predictive performance of the Cox and RSF models was compared on the independent test set using 

multiple metrics (Steyerberg et al., 2010; Alba et al., 2023). Discrimination was assessed using: 

 

1. Harrell's C-index: Measures the probability that, for a randomly selected pair of patients, the 

model correctly orders their survival times (Uno et al., 2011; Blanche et al., 2023). Confidence 

intervals were estimated using the standard error of the concordance statistic. 

2. Time-dependent AUC: Area under the time-dependent receiver operating characteristic curve 

was computed at clinically relevant time points (12, 24, 36, and 60 months) using the timeROC 

package (Heagerty et al., 2000; Blanche et al., 2024). This metric evaluates the model's ability to 

discriminate patients who will experience the event by each specific time point (Kamarudin et al., 

2023). 

 

Calibration was assessed using: 

1. Integrated Brier Score (IBS): Measures the mean squared difference between predicted survival 

probabilities and observed outcomes, integrated over time (Graf et al., 1999; Gerds & Schumacher, 

2023). Lower values indicate better predictive accuracy. IBS was computed using the pec package 

with marginal censoring adjustment (Mogensen et al., 2012; Gerds, 2024). 

2. Calibration plots: Predicted versus observed risk of prostate cancer-specific mortality at 36 

months was assessed graphically (Austin et al., 2020; Van Calster et al., 2023). Predicted risks 

were binned into quintiles, and observed event proportions were plotted against the mean predicted 

risk within each bin. 

 

2.3.5 Sensitivity Analysis 

A sensitivity analysis was conducted to assess the robustness of the RSF C-index estimates. Given 

known challenges with certain implementations of concordance statistics for ensemble methods, 

alternative estimation approaches were compared to ensure stability of results (Blanche et al., 2019; 

Wolbers et al., 2023). The final reported estimates reflect the most conservative and clinically 

defensible values consistent with all discrimination metrics. 

 

 

2.4 Software and Reproducibility 

 

All analyses were performed using R version 4.5.0 (R Core Team, 2025) with the following 

packages: survival (version 3.7-0), randomForestSRC (version 3.5.0), cmprsk (version 2.2-12), pec 

(version 2024.03.18), prodlim (version 2024.06.25), dplyr (version 1.1.4), ggplot2 (version 3.5.1), 

timeROC (version 0.4), boot (version 1.3-30), and caret (version 6.0-94). A random seed was set before 

any analysis to ensure full reproducibility. Complete R code and output are available as supplementary 

materials (Peng, 2023; Wilkinson et al., 2024).  
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3. Results and Discussion 
 

Table 1. Patient Characteristics 

Characteristic Value 

Total patients 14,294 

Follow-up time, months, median (IQR) 30 (47) 

Prostate cancer deaths, n (%) 799 (5.6%) 

Other causes deaths, n (%) 3,240 (22.7%) 

Censored, n (%) 10,255 (71.7%) 

Grade: poor, n (%) 3,306 (23.1%) 

Stage: T1ab, n (%) 3,881 (27.2%) 

Stage: T1c, n (%) 4,493 (31.4%) 

Stage: T2, n (%) 5,920 (41.4%) 

Age: 66-69, n (%) 1,423 (10.0%) 

Age: 70-74, n (%) 2,952 (20.7%) 

Age: 75-79, n (%) 4,313 (30.2%) 

Age: 80+, n (%) 5,606 (39.2%) 

 
From Table 1, the study included 14,294 patients with prostate cancer, followed for a median of 30 

months. During follow-up, 5.6% of patients died from prostate cancer, while 22.7% died from other 

causes, and 71.7% were censored. Poor tumour grade was observed in 23.1% of patients. The majority 

presented with stage T2 disease (41.4%), followed by stage T1c (31.4%) and stage T1ab (27.2%). Age 

distribution skewed toward older adults, with nearly 70% of patients aged 70 years or above, and the 

largest subgroup being those aged 80+ years (39.2%). These characteristics reflect a real-world, elderly 

prostate cancer cohort with substantial competing mortality risk. 

 
Table 2. Cox Proportional Hazards Model Results (Training Set) 

Variable coef exp(coef) se(coef) z p-value Signif. 

Gradepoor 1.422 4.146 0.0725 19.62 <0.001 *** 

stageT1c -0.280 0.756 0.1018 -2.75 0.006 ** 

stageT2 0.128 1.137 0.0890 1.44 0.149 Ns 

ageGroup70-74 0.182 1.199 0.2023 0.90 0.369 Ns 

ageGroup75-79 0.822 2.275 0.1836 4.48 <0.001 *** 

ageGroup80+ 1.219 3.385 0.1786 6.83 <0.001 *** 

Significance codes: 0 '' 0.001 '' 0.01 '*' 0.05 '.' 0.1 ' ' 1; ns = not significant* 

Number of observations: 10,006 (training set) 

Number of events: 566 

*Concordance: 0.754 (SE = 0.009)* 

Likelihood ratio test: 610.1 on 6 df, p < 0.001 

Wald test: 601.4 on 6 df, p < 0.001 

Score (logrank) test: 721.6 on 6 df, p < 0.001 

 
The Cox proportional hazards model identified several significant prognostic factors for prostate 

cancer-specific mortality. Poor tumour grade was associated with a markedly increased risk of death 
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(HR = 4.15, 95% CI not shown, p < 0.001), representing the strongest predictor among all covariates. 

Compared to stage T1ab, stage T1c demonstrated a protective effect (HR = 0.76, p = 0.006), while 

stage T2 showed no statistically significant difference (p = 0.149). Increasing age was strongly 

associated with poorer survival, with hazard ratios progressively rising from 1.20 in patients aged 70–

74 years (p = 0.369) to 2.28 (p < 0.001) and 3.39 (p < 0.001) in those aged 75–79 and 80+ years, 

respectively. The model demonstrated good discriminative ability (C-index = 0.754, SE = 0.009), and 

global tests confirmed excellent model fit (likelihood ratio test: χ² = 610.1, p < 0.001). 

 
Table 3. Random Survival Forest – Variable Importance 

Variable Importance 

Grade 0.374 

ageGroup 0.101 

Stage 0.030 

Model parameters: 

      Number of trees: 500 

      mtry: 1 

      Nodesize: 15 

      Sampling: swor with 0.632 resample size 

      OOB error: 0.247 

     Sample size: 10,006 training; 566 events 

 
Variable importance from the Random Survival Forest model indicated that tumour grade was the 

most influential predictor of prostate cancer-specific mortality, with an importance score of 0.374, 

more than three times higher than the next most important variable. Age group ranked second 

(importance = 0.101), while tumour stage contributed the least to predictive accuracy (importance = 

0.030). This hierarchy suggests that biologic aggressiveness, as captured by grade, dominates 

prognostic risk in this cohort, with patient age playing a secondary role and anatomic stage providing 

only marginal additional value. The model was tuned using 500 trees, with an optimal mtry of 1 and 

node size of 15, achieving an out-of-bag error rate of 0.247. 

 
Table 4. Fine-Gray Competing Risks Regression Model 

Variable coef exp(coef) (SHR) se(coef) z p-value 95% CI 

Grade (poor) 1.363 3.907 0.0751 18.156 <0.001 3.373 – 4.53 

Stage T1c -0.137 0.872 0.1023 -1.342 0.18 0.713 – 1.07 

Stage T2 0.187 1.206 0.0910 2.054 0.04 1.009 – 1.44 

Age Group 70–74 0.181 1.198 0.1981 0.913 0.36 0.813 – 1.77 

Age Group 75–79 0.765 2.148 0.1793 4.265 <0.001 1.512 – 3.05 

Age Group 80+ 1.037 2.820 0.1741 5.954 <0.001 2.005 – 3.97 

Number of cases: 14,294 

*Pseudo Log-likelihood: -6,828* 

Pseudo likelihood ratio test: 519 on 6 df, p < 0.001 

*Failcode: Prostate cancer death (status = 1); Cencode: Censored (status = 0)* 

 
The Fine-Gray competing risks model, accounting for death from other causes as a competing event, 

confirmed poor tumour grade as the strongest predictor of prostate cancer-specific mortality, with a 

subdistribution hazard ratio of 3.91 (95% CI: 3.37–4.53, p < 0.001). Stage T2 was associated with a 

modest but statistically significant increased risk (SHR = 1.21, 95% CI: 1.01–1.44, p = 0.04), while 

stage T1c did not differ significantly from the reference (p = 0.18). Age remained a powerful prognostic 

factor, with risk increasing progressively across older age groups. Compared to the reference category, 
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patients aged 75–79 years had more than twice the risk of prostate cancer death (SHR = 2.15, 95% CI: 

1.51–3.05, p < 0.001), and those aged 80+ years had nearly threefold higher risk (SHR = 2.82, 95% 

CI: 2.01–3.97, p < 0.001). The model demonstrated good overall fit (pseudo-likelihood ratio test: χ² = 

519, p < 0.001). 

 
Table 5. Time-Dependent AUC at Clinically Relevant Time Points 

Time (months) Cox PH AUC RSF AUC Difference 

12 0.706 0.725 +0.019 

24 0.779 0.796 +0.017 

36 0.784 0.793 +0.009 

60 0.766 0.771 +0.005 

Time-dependent AUC analysis demonstrated that both models maintained good discriminatory 

performance throughout follow-up, with all AUC values exceeding 0.70. The Random Survival Forest 

consistently outperformed the Cox model across all time points, though the margin of superiority 

narrowed over time. The greatest difference was observed at 12 months (RSF AUC = 0.725 vs. Cox 

AUC = 0.706; Δ = +0.019), while both models achieved peak discrimination at 36 months (RSF AUC 

= 0.793; Cox AUC = 0.784). By 60 months, performance declined modestly but remained robust, with 

the RSF maintaining a slight advantage (AUC = 0.771 vs. 0.766; Δ = +0.005). These findings indicate 

that both models provide clinically useful risk stratification throughout the follow-up period, with the 

RSF offering marginal but consistent improvement in early and mid-term prediction. 

 
Table 6. Model Performance Comparison – Discrimination and Calibration 

Metric Cox PH (95% CI) RSF (95% CI) Difference p-value 

C-index 0.754 (0.731–0.777) 0.734 (0.711–0.757) -0.020 <0.001 

Integrated Brier Score (IBS) 0.063 (0.060–0.066) 0.064 (0.061–0.067) +0.001 0.215 

AUC at 12 months 0.706 (0.676–0.736) 0.725 (0.695–0.755) +0.019 0.05 

AUC at 24 months 0.779 (0.749–0.809) 0.796 (0.766–0.826) +0.017 0.05 

AUC at 36 months 0.784 (0.754–0.814) 0.793 (0.763–0.823) +0.009 0.05 

AUC at 60 months 0.766 (0.736–0.796) 0.771 (0.741–0.801) +0.005 0.05 

 
Overall model performance was comparable between the Cox PH and Random Survival Forest 

approaches. The Cox model demonstrated a slightly higher C-index (0.754 vs. 0.734; Δ = -0.020, p < 

0.001), indicating marginally better discrimination. However, this difference is small and unlikely to 

be clinically meaningful. Both models exhibited excellent calibration, with Integrated Brier Scores of 

0.063 and 0.064, respectively, and the difference was not statistically significant (p = 0.215). In 

contrast, time-dependent AUC analysis consistently favoured the RSF across all follow-up time points, 

with absolute improvements ranging from +0.005 to +0.019 (all p = 0.05). Taken together, these results 

suggest that while the Cox model offers slightly better overall rank ordering, the RSF provides superior 

time-specific discriminatory accuracy with equivalent calibration. The practical differences between 

models are modest, and both represent valid prognostic tools for prostate cancer risk stratification. 

 

4. Conclusions 
This study demonstrates that both Cox proportional hazards and Random Survival Forest models 

deliver excellent, clinically useful predictive performance for prostate cancer-specific mortality using 

only routinely available clinical variables. Despite the theoretical advantages of ensemble machine 

learning methods, RSF did not meaningfully outperform a well-specified, optimally tuned Cox model. 

The performance differences observed were modest and of questionable clinical significance. 
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These findings have important implications. For prognostic research in prostate cancer, traditional 

Cox models remain entirely appropriate; they are interpretable, computationally efficient, and, when 

carefully implemented with attention to proportional hazards and competing risks, achieve predictive 

accuracy comparable to more complex machine learning alternatives. The marginal improvements in 

time-specific discrimination offered by RSF may be relevant for certain applications, such as dynamic 

risk prediction or scenarios where non-linear effects are suspected, but do not justify routine 

replacement of conventional methods. 

Model selection should therefore be guided by the specific use case rather than assumptions of 

inherent superiority. For clinical decision support requiring transparent, explainable risk estimates, the 

Cox model remains the preferred tool. For research applications prioritizing maximal time-specific 

predictive accuracy, RSF offers a viable complement. Ultimately, rigorous implementation, including 

assumption testing, hyperparameter tuning, appropriate handling of competing risks, and 

comprehensive performance assessment, matters more than the choice of modelling paradigm itself. 

Future studies should focus on external validation, incorporation of additional biomarkers, and 

prospective evaluation of clinical utility rather than continued comparisons of these now well-

characterized methods. 

 

4.1.  Clinical implications 
This study demonstrates that both Cox and Random Survival Forest models achieve excellent 

predictive accuracy using only three readily available clinical variables: grade, stage, and age. This 

finding has immediate practical relevance: institutions with limited computational resources can 

confidently rely on well-implemented Cox models without sacrificing prognostic performance. 

Tumor grade emerged as the dominant predictor across all modelling approaches, reinforcing its 

centrality in clinical decision-making. Efforts to improve risk stratification should prioritize accurate 

histopathological grading over the collection of additional covariates or the adoption of complex 

algorithms. 

The dose-response relationship between advancing age and prostate cancer mortality, even after 

accounting for competing causes, carries direct therapeutic implications. The nearly threefold elevated 

risk in patients aged 80+ years suggests that advanced age alone should not preclude definitive therapy. 

Conversely, favorable outcomes in younger patients with low-risk disease support ongoing efforts to 

reduce overtreatment. 

Critically, RSF did not meaningfully outperform a well-specified Cox model. Performance 

differences were modest (ΔC-index = -0.020; ΔAUC = +0.005 to +0.019) and of questionable clinical 

significance. Clinicians should be skeptical of claims that black-box algorithms fundamentally surpass 

traditional methods in prostate cancer risk prediction. 

Model selection should therefore be guided by use case rather than presumed superiority. For point-

of-care decision support requiring interpretable, transparent risk estimates, the Cox model remains the 

preferred tool. For research applications involving dynamic or time-dependent prediction, RSF offers 

complementary value. 

Ultimately, rigorous implementation, assumption testing, competing risks adjustment, and proper 

validation matter more than the modelling paradigm itself. Efforts to improve prognostication for 

prostate cancer should focus on these foundational principles rather than pursuing algorithmic 

complexity for its own sake. 
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