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Abstract 

Bayesian computation for survival analysis often involves selecting among alternative Markov chain Monte Carlo (MCMC) 

algorithms whose performance can vary substantially with the characteristics of the data and model. In practice, this selection is 

frequently based on trial and error, requiring repeated model fitting and computational assessment. We propose a meta-learning 

framework that formulates Bayesian computational strategy selection as a data-dependent prediction problem. A simulation-

based meta-database is constructed by generating survival datasets under systematically varied sample sizes, model dimensions, 

predictor correlations, and censoring proportions. Four Bayesian computational strategies—Standard Random-Walk MCMC, 

Adaptive MCMC, Hamiltonian Monte Carlo, and Reversible Jump MCMC—are evaluated across the simulated environments. 

Estimation accuracy, sampling efficiency, and computational cost are integrated through a multi-criteria utility function to 

identify the preferred computational strategy for each dataset. Machine-learning models are then trained to learn the relationship 

between survival-data characteristics and the resulting algorithm-selection decisions. The learned recommendation models are 

evaluated using three independent real survival datasets: the German Breast Cancer Study Group breast cancer, Veteran lung 

cancer, and primary biliary cirrhosis datasets. Importantly, the real-data evaluation is conducted without retraining or 

recalibration of the meta-learning models. The proposed framework provides a systematic approach for transferring 

computational experience from simulated survival environments to new problems. By treating Bayesian algorithm selection as 

a data-dependent decision rather than assuming a universally optimal MCMC strategy, the framework offers a practical approach 

for reducing trial-and-error computation and supporting evidence-based selection of Bayesian computational methods. 
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1. Introduction 

Bayesian methods provide a flexible framework for sur-

vival analysis, allowing uncertainty to be quantified while 

accommodating censoring, frailty, nonlinear effects, com-

peting risks, and hierarchical structures. Recent develop-
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ments have expanded Bayesian survival models to increas-

ingly complex clinical settings, while advances in Bayesian 

computation have provided a broad range of methods for 

posterior inference [1, 2, 7, 10]. Nevertheless, the practical 

performance of a Bayesian survival model depends not only 

on its statistical formulation but also on the computational 

strategy used for posterior sampling. 

Markov chain Monte Carlo (MCMC) remains central to 

Bayesian computation, with Standard Random-Walk Metrop-

olis-Hastings, Adaptive MCMC, Hamiltonian Monte Carlo 

(HMC), and Reversible Jump MCMC (RJMCMC) providing 

different approaches to posterior exploration [7, 10, 12]. Their 

performance can vary substantially according to sample size, 

model dimensionality, predictor correlation, censoring, poste-

rior dependence, and the amount of event information. Recent 

research continues to emphasize that computational methods 

should be matched to the structure and difficulty of the under-

lying inferential problem rather than treated as universally in-

terchangeable [7, 10, 12]. 

Consequently, selecting an appropriate Bayesian computa-

tional strategy is itself an important methodological problem. 

In practice, researchers commonly evaluate one or more algo-

rithms and then compare convergence, effective sample size, 

estimation accuracy, and computational time. Such trial-and-

error selection can become expensive when several candidate 

algorithms are available. Furthermore, no single diagnostic 

adequately represents overall computational performance. Al-

gorithm selection therefore requires consideration of multiple 

objectives, including inferential accuracy, sampling efficiency, 

and computational cost. 

Meta-learning provides a principled framework for address-

ing this problem. In automated machine learning (AutoML), 

meta-learning uses information accumulated from previous 

datasets or tasks to learn relationships between problem char-

acteristics and algorithm performance [3, 4, 6]. Recent studies 

have demonstrated the use of meta-learning for automated al-

gorithm selection, including selection of algorithms for tabu-

lar datasets and recommendation for previously unseen da-

tasets [5, 8]. Other work has shown that meta-learners can sup-

port model recommendation under computational constraints 

and can generalize to new data sources [9, 11]. These devel-

opments suggest that previous computational experience can 

be transformed into transferable information for algorithm se-

lection. 

We extend this idea to Bayesian computation for survival 

analysis. Rather than assuming that one MCMC strategy is 

generally preferable, we formulate computational strategy se-

lection as a data-dependent prediction problem. Characteris-

tics of a survival dataset available before Bayesian model fit-

ting are used to predict the computational strategy expected to 

provide the best overall performance. This requires an explicit 

definition of computational preference because accuracy, 

sampling efficiency, and computational cost may favor differ-

ent algorithms. 

We therefore propose a meta-learning framework for 

Bayesian algorithm selection in survival analysis. A simula-

tion-based meta-database is constructed by generating sur-

vival datasets under systematically varied sample sizes, model 

dimensions, predictor correlations, and censoring proportions. 

Four Bayesian computational strategies—Standard Random-

Walk MCMC, Adaptive MCMC, HMC, and RJMCMC—are 

evaluated across these environments. Estimation accuracy, 

sampling efficiency, and computational cost are integrated 

through a multi-criteria utility function to identify the pre-

ferred strategy for each simulated problem. Machine-learning 

models are then trained to learn the relationship between sur-

vival-data characteristics and these algorithm-selection deci-

sions. 

A key feature of the framework is its evaluation beyond the 

simulated training environment. After training on the simula-

tion-based meta-database, the recommendation models are ap-

plied to three independent real survival datasets—the German 

Breast Cancer Study Group (GBSG) breast cancer data, Vet-

eran lung cancer data, and primary biliary cirrhosis (PBC) 

data—without retraining or recalibration. The recommended 

algorithms are subsequently compared with alternative strate-

gies using Bayesian model-fit and computational-perfor-

mance measures. This provides an external assessment of 

whether computational knowledge learned from simulated 

survival environments can transfer to real-world survival ap-

plications. 

The main contributions are: (i) formulation of Bayesian 

computational strategy selection as a meta-learning problem 

for survival analysis; (ii) construction of a simulation-based 

meta-database linking survival-data characteristics with 

Bayesian computational performance; (iii) development of a 

multi-criteria utility framework for defining the preferred 

computational strategy; (iv) identification of influential da-

taset characteristics associated with algorithm selection; and 

(v) external validation of the learned recommendations using 

independent real survival datasets. Thus, rather than treating 

Bayesian computation as a fixed methodological choice, the 

proposed framework treats algorithm selection as a data-de-

pendent computational decision, with the aim of reducing re-

peated trial-and-error benchmarking and supporting evidence-

based selection of Bayesian computational strategies. 

Scope of the study. Section 2 presents the proposed Bayes-

ian computational and meta-learning framework. Section 3 

describes the simulation design, candidate algorithms, perfor-

mance measures, utility function, and machine-learning mod-

els. Section 4 presents the real-data applications and external 

validation using the GBSG, Veteran, and PBC datasets. Sec-

tion 5 discusses the findings, implications, limitations, and fu-

ture research directions, while Section 6 concludes the study. 

A list of abbreviations used throughout the manuscript is pro-

vided before the References, and the Supplementary Material 

is provided after the References. 
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2. Methodology 

2.1. Meta-Learning Framework for Bayesian 

Computational Strategy Selection 

We propose a meta-learning framework for automated se-

lection of Bayesian computational strategies in survival anal-

ysis. The proposed framework addresses the problem of deter-

mining an appropriate posterior sampling algorithm based on 

the intrinsic characteristics of survival datasets. Instead of as-

suming that a single computational algorithm universally pro-

vides the best performance across all survival datasets, the 

proposed approach formulates Bayesian algorithm selection 

as a data-driven learning problem, where computational per-

formance is learned from previously evaluated datasets. 

The proposed framework integrates three main components: (i) 

a survival dataset characterization module, (ii) a Bayesian com-

putational benchmarking module, and (iii) a meta-learning rec-

ommendation model. The dataset characterization component ex-

tracts informative features describing the statistical and computa-

tional complexity of survival datasets. The benchmarking com-

ponent evaluates competing Bayesian computational strategies 

under diverse data conditions. The meta-learning component 

learns the relationship between dataset characteristics and algo-

rithmic performance and recommends the computational strategy 

expected to achieve the best observed performance under prede-

fined evaluation criteria for new survival datasets. 

For the i-th survival dataset, let 𝑍ᵢ = (𝑧𝑖1, 𝑧𝑖2, … , 𝑧𝑖𝑚) de-

note the vector of dataset-level characteristics. Let the availa-

ble Bayesian computational strategies be represented by: 

𝐴ᵢ = {𝐴1, 𝐴2, … , 𝑧𝑘}. 

The objective of the proposed framework is to learn the re-

lationship: 

𝑓(𝑍𝑖) → 𝐴𝑘 

where 𝐴𝑘  represents the Bayesian computational strategy 

that achieves the best observed performance according to the 

predefined evaluation criteria is assigned as the recommended 

computational strategy label for meta-learning. 

The proposed framework relies on a benchmark library con-

sisting of Bayesian computational algorithms representing dif-

ferent posterior sampling paradigms. The purpose of this li-

brary is not to identify a universally superior algorithm, but 

rather to evaluate how computational performance varies ac-

cording to survival dataset characteristics for dataset 𝐷𝑖  ac-

cording to the predefined evaluation criteria. 

2.2. Bayesian Computational Strategy Library 

The proposed framework relies on a benchmark library con-

sisting of Bayesian computational algorithms representing dif-

ferent posterior sampling paradigms. The purpose of this li-

brary is not to identify a universally superior algorithm, but 

rather to determine how computational performance varies ac-

cording to the characteristics and complexity of survival da-

tasets. 

A reference computational strategy is included as the stand-

ard comparator. The reference algorithm represents a com-

monly used, transparent, and easily implementable Bayesian 

sampling approach. Its role is to provide a consistent baseline 

for evaluating alternative computational strategies rather than 

representing an assumed optimal method. 

The competing algorithms are evaluated under identical 

simulation conditions, and for each dataset the algorithm 

achieving the highest observed performance according to the 

predefined evaluation criteria is assigned as the recommended 

computational strategy label for meta-learning. 

2.3. Survival Dataset Feature Representation 

The meta-learning framework operates on characteristics of 

survival datasets that may influence Bayesian computational 

performance. 

For each dataset 𝐷𝑖 , a feature vector is constructed as: 

𝑍ᵢ = (𝑛𝑖, 𝑝𝑖 , 𝐶𝑖 , 𝑅𝑖, 𝑉𝑖) 

where: 

𝑛𝑖 = sample size, 𝑝𝑖  = number of covariates, 𝐶𝑖 = censor-

ing-related characteristics, 𝑅𝑖  = covariate correlation struc-

ture, 𝑉𝑖 = additional measures describing data complexity. 

The extracted features include sample size, dimensionality, 

censoring proportion, event frequency, predictor correlation 

structure, and measures associated with posterior complexity. 

These characteristics are selected because they are available 

before model fitting and may provide predictive information 

regarding the computational behavior of Bayesian algorithms. 

2.4. Computational Performance Assessment 

For each dataset-algorithm combination, posterior infer-

ence is performed and evaluated using complementary 

measures representing inferential accuracy, sampling effi-

ciency, and computational cost. 

Parameter estimation accuracy is assessed using the root 

mean square error (RMSE): 

𝑅𝑀𝑆𝐸 = √
1

𝑞
(𝜃̂𝑗 − 𝜃𝑗)

2
  

where 𝑞 = number of model parameters, 𝜃̂𝑗= estimated value 

of parameter j, 𝜃𝑗 = true parameter value. 

Sampling efficiency is evaluated using the effective sample 

size (ESS) and integrated autocorrelation time (IACT). The 

ESS quantifies the amount of independent information con-

tained within the posterior samples, whereas IACT measures 
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the degree of serial dependence among successive samples. 

Computational efficiency is assessed using CPU execution 

time. Additionally, convergence diagnostics and acceptance 

behavior are examined to ensure adequate posterior explora-

tion and reliable inference. 

A unified performance criterion is constructed by integrat-

ing estimation accuracy, sampling efficiency, and computa-

tional cost. For each survival dataset, the Bayesian computa-

tional strategy achieving the highest observed performance 

score among the evaluated algorithms is assigned as the pre-

ferred computational strategy for that dataset. 

The resulting dataset-algorithm performance pairs are then 

used to construct the meta-learning database. Accordingly, the 

objective of the proposed framework is not to identify a uni-

versally dominant Bayesian algorithm, but rather to learn the 

relationship between survival dataset characteristics and the 

computational strategy that provides the most favorable bal-

ance between estimation accuracy, sampling efficiency, and 

computational cost under specific data conditions. 

2.5. Meta-Learning-Based Algorithm 

Recommendation 

The algorithm recommendation problem is formulated as a 

supervised learning problem. Each evaluated survival dataset 

generates a meta-learning observation: 

(𝑍𝑖 , 𝑌𝑖) 

where 𝑍𝑖  = vector of dataset characteristics, 𝑌𝑖  = Bayesian 

computational algorithm achieving the best performance. 

The meta-learning model estimates: 

Probability of algorithm 𝐴𝑘  being optimal given dataset 

characteristics 𝑍𝑖 , or 𝑃( 𝑌𝑖 = 𝐴𝑘 | 𝑍𝑖). The predicted 

probabilities provide both the recommended computational 

strategy and the confidence associated with that recommenda-

tion. 

Therefore, the framework does not simply provide a fixed 

algorithmic choice; instead, it learns the relationship between 

survival dataset characteristics and Bayesian computational 

performance. 

2.6. Evaluation of the Proposed Framework 

The proposed framework is evaluated using independent 

survival datasets not included during model training. The rec-

ommended computational strategy is compared with alterna-

tive Bayesian algorithms according to posterior estimation ac-

curacy, sampling efficiency, and computational cost. 

The objective is to determine whether machine learning can 

effectively identify the Bayesian computational strategy most 

suitable for a given survival dataset and reduce dependence on 

manual algorithm selection. 

3. Simulation Study 

3.1. Simulation Design and Scenarios 

A comprehensive simulation study was conducted to eval-

uate the proposed meta-learning framework for intelligent se-

lection of Bayesian computational strategies in survival anal-

ysis. The objective was not to identify a universally optimal 

computational algorithm, but to determine whether machine-

learning models can learn the relationship between survival-

data characteristics and the Bayesian computational strategy 

that provides favorable computational performance under spe-

cific data conditions. 

The simulation design considered four characteristics ex-

pected to influence the computational behavior of Bayesian 

inference algorithms: sample size, model dimensionality, co-

variate correlation, and censoring proportion. These factors 

affect posterior dimensionality, parameter dependence, infor-

mation availability, and the efficiency of posterior sampling. 

Four simulation factors were varied: 

1) Sample size (n): n = 50, 100, and 300, representing small, 

moderate, and relatively large survival datasets. 

2) Number of covariates (p): p = 5 and 15, representing 

low- and higher-dimensional regression models. 

3) Covariate correlation (𝜌): 𝜌 = 0.3 and 0.8, represent-

ing moderate and strong dependence among predictors. 

4) Censoring proportion: 30% and 60%, representing mod-

erate and substantial loss of event information. 

The survival model structure was fixed across all scenarios. 

Survival times were generated from a Weibull proportional 

hazards model with shape parameter 𝛾 = 1.5. All covariates 

were assigned non-zero regression effects so that the simula-

tion focused on computational complexity associated with 

model dimension rather than variable-selection difficulty. 

Let 𝒩 = {50, 100, 300}, 𝒫 = {5, 15},  ℛ = {0.3, 0.8},

𝑎𝑛𝑑 𝒞 = {30%, 60%} denote the sets of sample sizes, num-

bers of covariates, correlation levels, and censoring propor-

tions, respectively. The complete simulation space was de-

fined as the Cartesian product 𝒮 = 𝒩 × 𝒫 × ℛ × 𝒞. 

Thus, each simulation scenario was represented by 

𝑆𝑖 = (𝑛𝑗 , 𝑝𝑘 , 𝜌𝑙 , C𝑚),   𝑖 = 1, … , 24,   𝑗 =

1, 2, 3,    𝑘, 𝑙, 𝑚 = 1, 2.  

The total number of scenarios was therefore 

|𝒮| = |𝒩| × |𝒫| × |ℛ| × |𝒞| = 3 × 2 × 2 × 2 = 24. 

This factorial structure provided a systematic range of sur-

vival-data environments from which the meta-learning frame-

work could learn the association between dataset characteris-

tics and the computational performance of competing Bayes-

ian algorithms. 
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3.2. Data Generation Mechanism 

For each of the 24 simulation scenarios, survival datasets 

were generated from a Weibull proportional hazards (PH) 

model. The data-generation mechanism incorporated covari-

ate dependence, model dimensionality, and right censoring to 

reproduce key characteristics that may affect Bayesian com-

putational performance. 

For each subject i, the covariate vector X𝑖 = (𝑋𝑖1, … , 𝑋𝑖𝑝) 

was generated from a multivariate normal distribution: 

X𝑖  ~ MVN(0, Σ), 

where Σ controls the correlation structure among covariates. 

An autoregressive correlation structure was used, with 

Σ𝑗𝑘 = 𝜌|𝑗−𝑘|, 

where 𝜌 was set to either 0.3 or 0.8 according to the simula-

tion scenario. 

Conditional on the generated covariates, the true survival 

time 𝑇𝑖  was generated from a Weibull PH model with hazard 

function 

ℎ(𝑡 |X𝑖) = 𝛾𝑡𝛾−1 exp(X𝑖
𝑇β), 

where 𝛾 is the Weibull shape parameter and β is the vector 

of regression coefficients. The shape parameter was fixed at 

𝛾 = 1.5 across all scenarios. Survival times were generated 

using the inverse-transform method: 

𝑇𝑖 = [
− log(𝑈𝑖)

exp(X𝑖
𝑇β)

]
1 𝛾⁄

,  

where 𝑈𝑖~ Uniform(0, 1). 

The regression coefficients were specified such that all co-

variates had non-zero effects, thereby allowing the effect of 

increasing model dimensionality to be evaluated without in-

troducing variable-selection complexity. 

Independent censoring times 𝐶𝑖 were generated from a uni-

form distribution and calibrated to achieve the target censor-

ing proportion for each scenario. The observed survival time 

and event indicator were then defined as 

𝑌𝑖 = min(𝑇𝑖 , 𝐶𝑖) , 𝛿𝑖 = I(𝑇𝑖 ≤ 𝐶𝑖) 

where 𝑌𝑖 denotes the observed follow-up time and δᵢ indicates 

whether the event was observed. 

The resulting datasets contained survival outcomes and 

right-censoring patterns corresponding to each predefined 

simulation scenario. These datasets were subsequently ana-

lyzed using the competing Bayesian computational strategies, 

and the resulting computational performance measures were 

combined with the scenario-level characteristics to construct 

the meta-learning database. 

3.3. Bayesian Computational Strategies 

The proposed meta-learning framework was designed to 

recommend a Bayesian computational strategy according to 

the characteristics of a given survival dataset. Four computa-

tional strategies representing distinct sampling approaches 

were considered: 

1) Standard Random-Walk Markov Chain Monte Carlo 

(MCMC): a Random-Walk Metropolis-Hastings algo-

rithm used as the baseline strategy because of its sim-

plicity and broad applicability. 

2) Adaptive MCMC: an adaptive Metropolis-Hastings ap-

proach in which the proposal scale was updated during 

the burn-in period to improve posterior exploration. Ad-

aptation was performed every 100 iterations during 

burn-in. The proposal scale was decreased by 10% when 

the cumulative acceptance rate was below 0.20 and in-

creased by 10% when the acceptance rate exceeded 0.35. 

No adaptation was performed after the burn-in period. 

3) Hamiltonian Monte Carlo (HMC): a gradient-based 

sampling method that uses Hamiltonian dynamics to 

generate efficient proposals and is particularly suitable 

for posterior distributions with strong parameter depend-

ence or higher dimensionality. 

4) Reversible Jump Markov Chain Monte Carlo 

(RJMCMC): an extension of MCMC that permits transi-

tions between parameter spaces of different dimensions 

and is therefore capable of handling variable-dimen-

sional Bayesian model spaces. 

All four computational strategies were applied to the same 

simulated survival datasets under a common Bayesian model 

specification and common prior distributions. For the regres-

sion coefficients, independent zero-centered normal priors 

were specified as: 

𝛽𝑗 ∼ 𝑁(0, 100),     𝑗 = 1 … , 𝑝  

where the prior variance was 100. The positive parameter 𝛾 

was assigned a Gamma prior,𝛾 ∼ Gamma(2, 1), where 2 and 

1 denote the shape and rate parameters, respectively. The prior 

specification therefore corresponds directly to the implemen-

tation used in the simulation code. The positivity constraint γ > 

0 was enforced during posterior sampling. These proper, rela-

tively diffuse priors were used consistently across the four 

computational strategies so that differences in computational 

performance reflected the sampling strategies rather than dif-

ferences in prior specification. 

For each simulated dataset and computational strategy, five 

independent Markov chains were generated. Each chain con-

sisted of 5,000 iterations, with the first 2,000 iterations dis-

carded as burn-in or warm-up. The retained samples were 

thinned by a factor of 9 to reduce serial dependence in the 

stored posterior draws. Thus, the same nominal sampling 

schedule was used across the four computational strategies, 

while algorithm-specific proposal mechanisms and tuning 
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procedures were applied according to the requirements of each 

method. 

For Adaptive MCMC, proposal adaptation was restricted 

to the burn-in period to avoid continued modification of the 

sampling distribution during posterior inference. The pro-

posal scale was updated at 100-iteration intervals according 

to the observed cumulative acceptance rate, using the thresh-

olds described above. Standard Random-Walk MCMC used 

a fixed proposal mechanism, whereas HMC and RJMCMC 

employed their respective gradient-based and dimension-

changing sampling mechanisms without the adaptive ran-

dom-walk proposal adjustment used for Adaptive MCMC. 

The posterior samples generated from each strategy were 

subsequently used to obtain the common computational per-

formance measures used throughout the simulation study, in-

cluding effective sample size (ESS), integrated autocorrela-

tion time (IACT), root mean square error (RMSE), acceptance 

rate where applicable, and CPU execution time. These 

measures were then combined using the unified performance 

criterion described in Section 2.4. 

Each computational strategy was applied independently to 

every simulated dataset. Across the 24 scenarios and 100 in-

dependent datasets per scenario, the four strategies produced 

9,600 algorithm-dataset fits. These computational experi-

ments provided the performance information required to con-

struct the meta-learning database. 

The purpose of this comparison was not to identify a uni-

versally superior Bayesian algorithm. Rather, the objective 

was to characterize how computational performance changes 

across survival-data environments and use these observed pat-

terns as training information for the subsequent meta-learning 

framework. 

3.4. Dataset Characterization and Meta-

Learning Database Construction 

The simulated datasets generated from the factorial design 

were used to construct the meta-learning database. The 24 

simulation scenarios defined the space of survival-data envi-

ronments, while independent Monte Carlo replications within 

each scenario provided the computational experiences re-

quired for model training and evaluation. 

For each scenario, 100 independent survival datasets were 

generated, resulting in a total of 2400 simulated datasets. Each 

generated dataset was characterized using the predefined sur-

vival-data features representing the main sources of computa-

tional complexity, including sample size, number of covari-

ates, covariate correlation structure, censoring proportion, and 

observed event frequency. 

For each simulated dataset, the competing Bayesian com-

putational strategies were independently evaluated under 

identical model specifications, prior distributions, and compu-

tational settings. The resulting performance measures were in-

tegrated using the unified performance criterion described in 

Section 2.4. The computational strategy achieving the highest 

overall performance score was assigned as the recommended 

strategy for that dataset. Accordingly, the target label for da-

taset 𝐷𝑖  was defined as: 

𝑌𝑖 = arg max
𝑘

𝑆𝑐𝑜𝑟𝑒(𝐷𝑖 , 𝐴𝑘) 

where 𝐴𝑘 represents the k-th Bayesian computational strat-

egy evaluated for dataset 𝐷𝑖 . 

Therefore, each simulated dataset generated one meta-

learning observation consisting of the dataset characteristics 

and the corresponding recommended computational strategy. 

The resulting database contained 2400 dataset-level observa-

tions linking survival-data characteristics with computational 

performance outcomes. This database was subsequently used 

to train and evaluate machine learning models for learning the 

relationship between survival-data characteristics and the 

Bayesian computational strategy expected to provide the best 

performance for new survival datasets. 

3.5. Machine Learning Models for Bayesian 

Computational Strategy Recommendation 

The constructed meta-learning database was used to train 

supervised machine-learning models for recommending the 

Bayesian computational strategy expected to provide the best 

performance for a given survival dataset. Each simulated da-

taset was considered as one learning instance, with dataset-

level characteristics representing the input features and the 

computational strategy achieving the highest overall perfor-

mance score representing the target outcome. 

Four machine-learning algorithms were evaluated to repre-

sent complementary predictive modeling approaches: multi-

nomial logistic regression, Random Forest, support vector ma-

chine (SVM), and k-nearest neighbors (k-NN). Multinomial 

logistic regression was included as a relatively simple para-

metric baseline, providing an interpretable reference for mul-

ticlass strategy recommendation. Random Forest was selected 

as a nonlinear ensemble method capable of capturing complex 

interactions among dataset characteristics without requiring a 

prespecified functional form. k-NN was included as an in-

stance-based learning method that identifies similarities 

among datasets in the meta-feature space. SVM was included 

as a margin-based classification method capable of represent-

ing nonlinear decision boundaries. The use of these four com-

plementary approaches allowed the predictive performance of 

simple, ensemble-based, local, and margin-based learning 

methods to be compared within a common meta-learning 

framework. 

The predictor variables consisted of five predefined dataset-

level meta-features: sample size, number of covariates, co-

variate correlation, censoring proportion, and observed event 

proportion. Before model training, the meta-learning data 

were preprocessed according to the requirements of the indi-

vidual machine-learning algorithms. The meta-learning data-

base was divided into training and independent testing subsets. 
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The training data were used for model development and pa-

rameter tuning, whereas the independent testing data were re-

served for the final evaluation of predictive performance. 

For each machine-learning model, the objective was to es-

timate the probability that each candidate Bayesian computa-

tional strategy would achieve the highest observed overall per-

formance score for a new survival dataset. The predicted class 

probabilities were used to determine the recommended com-

putational strategy by selecting the strategy with the highest 

predicted probability. 

All four machine-learning models were evaluated using the 

same target definition and independent testing data to facili-

tate a direct comparison of their predictive performance. This 

design allowed the relative ability of different machine-learn-

ing approaches to learn the relationship between survival-data 

characteristics and Bayesian computational strategy perfor-

mance to be assessed under a common meta-learning frame-

work. 

3.6. Evaluation Criteria for the Meta-Learning 

Framework 

The performance of the proposed meta-learning framework 

was evaluated from both predictive and computational per-

spectives. The predictive evaluation assessed the ability of 

machine learning models to correctly identify the Bayesian 

computational strategy expected to achieve the highest perfor-

mance for a given survival dataset. The computational evalu-

ation examined whether the recommended strategy provided 

improved posterior inference performance compared with al-

ternative computational strategies. 

For predictive evaluation, the recommendation models 

were assessed using standard classification measures, includ-

ing accuracy, balanced accuracy, precision, recall, F1-score, 

and Cohen’s kappa coefficient. Accuracy measures the overall 

proportion of correctly recommended computational strate-

gies, whereas balanced accuracy accounts for potential differ-

ences in the frequency of recommended strategies. Precision, 

recall, and F1-score provide additional evaluation of classifi-

cation performance across individual computational strategies, 

while Cohen’s kappa measures the agreement between the 

predicted and true recommended strategies beyond chance 

agreement. 

In addition to classification performance, the practical ben-

efit of the recommendation framework was evaluated by com-

paring the computational performance obtained using the rec-

ommended strategy with the performance of alternative 

Bayesian computational strategies. The comparison was con-

ducted using the same criteria applied during algorithm bench-

marking, including parameter estimation accuracy, sampling 

efficiency, and computational cost. Specifically, the evalua-

tion considered root mean square error (RMSE), effective 

sample size (ESS), integrated autocorrelation time (IACT), 

and CPU execution time. 

The effectiveness of the proposed framework was deter-

mined by assessing whether the machine learning-based rec-

ommendation was able to identify computational strategies 

that achieved performance comparable to or better than non-

adaptive algorithm selection approaches. This evaluation 

demonstrates the ability of the proposed framework to trans-

form Bayesian computational strategy selection into a data-

driven recommendation process. 

3.7. Simulation Results 

The simulation results were evaluated in two complemen-

tary stages. First, the computational performance of the four 

Bayesian sampling strategies was examined across survival-

data environments differing in sample size, model dimension-

ality, covariate correlation, and censoring. Second, the result-

ing meta-learning database was used to evaluate the ability of 

machine-learning models to recommend an appropriate 

Bayesian computational strategy from dataset-level character-

istics. 

3.7.1. Computational Performance of Bayesian 

Sampling Strategies 

The simulation experiment comprised 24 survival-data sce-

narios and four Bayesian computational strategies, corre-

sponding to 96 scenario-strategy combinations. Because each 

scenario was replicated 100 times, the complete experiment 

generated 2,400 simulated datasets and 9,600 algorithm-da-

taset fits. Representative scenarios covering high, moderate, 

and low computational complexity are presented in Tables 2-

4, while the complete simulation results are provided in Sup-

plementary Table 1. 

Table 1. Key of Simulation Scenarios. 

Scenario Sample Size Covariates (p) Correlation (ρ) Censoring (%) Scenario Name 

S1 50 5 0.3 30 N50_P5_RHO0.3_C30 

S2 50 5 0.3 60 N50_P5_RHO0.3_C60 

S3 50 5 0.8 30 N50_P5_RHO0.8_C30 

S4 50 5 0.8 60 N50_P5_RHO0.8_C60 
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Scenario Sample Size Covariates (p) Correlation (ρ) Censoring (%) Scenario Name 

S5 50 15 0.3 30 N50_P15_RHO0.3_C30 

S6 50 15 0.3 60 N50_P15_RHO0.3_C60 

S7 50 15 0.8 30 N50_P15_RHO0.8_C30 

S8 50 15 0.8 60 N50_P15_RHO0.8_C60 

S9 100 5 0.3 30 N100_P5_RHO0.3_C30 

S10 100 5 0.3 60 N100_P5_RHO0.3_C60 

S11 100 5 0.8 30 N100_P5_RHO0.8_C30 

S12 100 5 0.8 60 N100_P5_RHO0.8_C60 

S13 100 15 0.3 30 N100_P15_RHO0.3_C30 

S14 100 15 0.3 60 N100_P15_RHO0.3_C60 

S15 100 15 0.8 30 N100_P15_RHO0.8_C30 

S16 100 15 0.8 60 N100_P15_RHO0.8_C60 

S17 300 5 0.3 30 N300_P5_RHO0.3_C30 

S18 300 5 0.3 60 N300_P5_RHO0.3_C60 

S19 300 5 0.8 30 N300_P5_RHO0.8_C30 

S20 300 5 0.8 60 N300_P5_RHO0.8_C60 

S21 300 15 0.3 30 N300_P15_RHO0.3_C30 

S22 300 15 0.3 60 N300_P15_RHO0.3_C60 

S23 300 15 0.8 30 N300_P15_RHO0.8_C30 

S24 300 15 0.8 60 N300_P15_RHO0.8_C60 

 

Table 2 presents selected scenarios for n = 50, Table 3 pre-

sents selected scenarios for n = 100, and Table 4 presents se-

lected scenarios for n = 300. Across the reported scenarios, the 

computational profiles of the Bayesian strategies varied sub-

stantially with the characteristics of the survival datasets. 

Table 2. Bayesian Computational Performance for Selected Simulation Scenarios with Small Sample Size (n = 50). 

Scenario Method ESS AR IACT RMSE CPUTs 

S1 

Random-Walk MCMC 67.88 0.25 34.89 0.24 0.18 

Adaptive MCMC 112.65 0.29 18.26 0.25 0.65 

HMC 360.15 1.00 5.54 0.24 44.13 

RJMCMC 25.87 0.71 94.43 0.25 0.71 

S6 

Random-Walk MCMC 15.44 0.27 115.06 0.80 0.28 

Adaptive MCMC 36.53 0.35 83.47 0.64 0.48 

HMC 71.35 1.00 62.33 0.90 180.62 

RJMCMC 8.98 0.68 155.59 0.58 0.59 

S8 
Random-Walk MCMC 8.50 0.31 141.96 1.05 0.28 

Adaptive MCMC 31.17 0.38 93.24 1.18 0.50 
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Scenario Method ESS AR IACT RMSE CPUTs 

HMC 33.93 1.00 79.29 1.27 180.93 

RJMCMC 7.67 0.68 154.34 0.80 0.59 

AR: Acceptance Rate, CPUTs: CPU Time (s) 

Table 3. Bayesian Computational Performance for Selected Simulation Scenarios with Small Sample Size (n = 100). 

Scenario Method ESS AR IACT RMSE CPUTs 

S9 

Random-Walk MCMC 76.55 0.29 33.25 0.14 0.21 

Adaptive MCMC 113.83 0.26 18.82 0.14 0.32 

HMC 974.96 1.00 2.34 0.14 49.15 

RJMCMC 41.98 0.62 67.84 0.14 0.46 

S14 

Random-Walk MCMC 25.96 0.23 81.55 0.27 0.32 

Adaptive MCMC 36.94 0.32 79.36 0.24 0.48 

HMC 375.86 1.00 4.87 0.25 198.09 

RJMCMC 15.32 0.60 83.81 0.24 0.65 

S16 

Random-Walk MCMC 12.13 0.25 125.07 0.42 0.31 

Adaptive MCMC 35.66 0.36 82.58 0.41 0.49 

HMC 100.75 1.00 21.29 0.40 198.22 

RJMCMC 9.87 0.61 137.90 0.40 0.64 

AR: Acceptance Rate, CPUTs: CPU Time (s) 

Table 4. Bayesian Computational Performance for Selected Simulation Scenarios with Small Sample Size (n = 300). 

Scenario Method ESS AR IACT RMSE CPUTs 

S17 

Random-Walk MCMC 84.30 0.28 25.83 0.08 0.32 

Adaptive MCMC 110.44 0.21 19.03 0.07 0.41 

HMC 6610.31 1.00 0.38 0.07 73.32 

RJMCMC 62.22 0.42 46.84 0.08 0.62 

S22 

Random-Walk MCMC 28.27 0.32 74.68 0.11 0.41 

Adaptive MCMC 44.37 0.27 71.05 0.12 0.61 

HMC 2586.57 1.00 0.72 0.10 271.28 

RJMCMC 19.83 0.43 92.38 0.11 0.91 

S24 

Random-Walk MCMC 13.67 0.29 120.27 0.21 0.42 

Adaptive MCMC 36.28 0.32 80.85 0.23 0.61 

HMC 444.68 1.00 5.30 0.21 272.59 

RJMCMC 14.69 0.46 125.41 0.23 0.86 

AR: Acceptance Rate, CPUTs: CPU Time (s) 

http://www.sciencepg.com/journal/ajtas


American Journal of Theoretical and Applied Statistics http://www.sciencepg.com/journal/ajtas 

 

266 

 

The Standard Random-Walk MCMC algorithm generally 

required the least CPU time, reflecting its simple proposal 

mechanism. However, its sampling efficiency decreased sub-

stantially in more challenging settings. For example, under S8, 

the ESS was only 8.50 with an IACT of 141.96. These results 

indicate slower posterior exploration when the model in-

volved a small sample size, a larger number of highly corre-

lated covariates, and substantial censoring. 

Adaptive MCMC generally improved sampling efficiency 

relative to Standard Random-Walk MCMC. Under S8, for ex-

ample, Adaptive MCMC increased the ESS from 8.50 to 31.17 

and reduced the IACT from 141.96 to 93.24, while requiring 

only a moderate increase in CPU time from 0.278 to 0.504 

seconds. Similar improvements were observed in several other 

scenarios, indicating that adaptation can provide a useful bal-

ance between sampling efficiency and computational cost. 

HMC consistently produced highly efficient posterior ex-

ploration in terms of ESS and IACT. In the large-sample, low-

complexity scenario S17, HMC achieved an ESS of 6,610.31 

and an IACT of 0.38. However, this sampling efficiency was 

accompanied by substantially higher computational cost, with 

a CPU time of 73.324 seconds compared with 0.322 seconds 

for Standard Random-Walk MCMC and 0.412 seconds for 

Adaptive MCMC. Thus, a large ESS alone did not imply the 

highest computational efficiency. 

RJMCMC generally produced lower ESS values and larger 

IACT values than the other approaches in the reported scenar-

ios. Although its acceptance rates were generally acceptable, 

the additional computational complexity associated with re-

versible-jump moves resulted in lower sampling efficiency in 

many settings. 

The RMSE results also demonstrate that no single strategy 

dominated all performance dimensions. For example, in S14, 

RJMCMC produced the smallest RMSE (0.2347), whereas in 

S17, Adaptive MCMC achieved the smallest RMSE (0.0698). 

These results reinforce the need for a multi-criteria assessment 

rather than selecting an algorithm according to a single com-

putational measure. 

To illustrate the differences in computational efficiency 

more directly, three representative scenarios were selected: S8, 

representing a high-complexity environment; S14, represent-

ing a moderate-complexity environment; and S17, represent-

ing a low-complexity environment. Their characteristics and 

relative computational efficiencies are presented in Table 5. 

Table 5. Relative Computational Efficiency of Bayesian Sampling Strategies Under Representative Simulation Scenarios. 

Scenario (Chr) Method CPUTs ESS ESS/s RE AR 

S8 (High) 

Random-Walk MCMC 0.28 8.50 30.56 100.00 0.31 

Adaptive MCMC 0.50 31.17 61.85 202.35 0.38 

RJMCMC 0.59 7.67 13.09 42.82 0.68 

HMC 180.93 33.93 0.19 0.61 1.00 

S14 (Moderate) 

Random-Walk MCMC 0.32 25.96 80.62 100.00 0.23 

Adaptive MCMC 0.48 36.94 77.60 96.25 0.32 

RJMCMC 0.65 15.32 23.57 29.24 0.60 

HMC 198.09 375.86 1.90 2.35 1.00 

S17 (Low) 

Random-Walk MCMC 0.32 84.30 261.80 100.00 0.28 

Adaptive MCMC 0.41 110.44 268.05 102.39 0.21 

RJMCMC 0.62 62.22 100.35 38.33 0.42 

HMC 73.32 6610.31 90.15 34.44 1.00 

Chr: Characteristics, CPUTs: CPU Time (s), ESS/s: ESS per s, RE: Relative Efficiency, AR: Acceptance Rate. 

In the high-complexity scenario S8, Adaptive MCMC 

achieved the highest sampling efficiency, with 61.85 effective 

samples per second and a relative efficiency of 202.35% com-

pared with Standard Random-Walk MCMC. HMC achieved a 

larger ESS than Adaptive MCMC but required substantially 

more CPU time, resulting in an ESS-per-second value of only 

0.19. 

In the moderate-complexity scenario S14, Standard Ran-

dom-Walk MCMC achieved the highest ESS-per-second effi-

ciency (80.62), with Adaptive MCMC providing a compara-

ble efficiency of 77.60, corresponding to 96.25% relative ef-

ficiency. HMC again produced substantially greater ESS and 

lower IACT but required considerably more computation. 

In the low-complexity scenario S17, Adaptive MCMC 
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slightly outperformed Standard Random-Walk MCMC in 

ESS per second, achieving 268.05 compared with 261.80, cor-

responding to a relative efficiency of 102.39%. HMC pro-

duced by far the largest ESS (6,610.31) and the smallest IACT 

(0.38), but its ESS-per-second efficiency remained lower than 

those of Standard and Adaptive MCMC because of its greater 

computational cost. 

Overall, the results demonstrate that Bayesian computa-

tional performance depends strongly on the characteristics of 

the survival dataset. HMC provided highly efficient posterior 

exploration but incurred substantially greater computational 

cost, whereas Adaptive MCMC frequently provided a favora-

ble balance between sampling efficiency and computation 

time. Standard Random-Walk MCMC remained highly com-

petitive in simpler settings because of its very low computa-

tional cost. RJMCMC generally showed lower sampling effi-

ciency in the examined scenarios. 

These results provide direct empirical motivation for the 

proposed meta-learning framework: because the relative ad-

vantages of the algorithms vary across data environments, al-

gorithm selection can reasonably be formulated as a prediction 

problem rather than as a fixed methodological choice. 

3.7.2. Meta-Learning Results for Bayesian 

Computational Strategy Recommendation 

The meta-learning database was used to evaluate four su-

pervised machine-learning models for predicting the Bayesian 

computational strategy associated with the highest multi-cri-

teria utility score. The predictor variables comprised five da-

taset-level meta-features: sample size, number of covariates, 

covariate correlation, censoring proportion, and observed 

event proportion. The target variable was the Bayesian com-

putational strategy achieving the highest overall utility score. 

The predictive results for the independent test set are pre-

sented in Table 6. Among the evaluated models, Random For-

est demonstrated the strongest overall predictive performance. 

It achieved a ROC-AUC of 0.894 and an accuracy of 81.67%, 

together with precision of 83.52%, recall of 91.57%, F1-score 

of 87.36%, and Cohen’s kappa of 0.543. 

Table 6. Predictive Performance of Machine Learning Models for Bayesian Computational Strategy Recommendation. 

Machine Learning Model ROC-AUC Accuracy (%) Precision (%) Recall (%) F1-score (%) 𝐂_𝛋  

Multinomial Logistic 

Regression 
0.73 68.33 74.19 83.13 78.41 0.20 

Random Forest 0.89 81.67 83.52 91.57 87.36 0.54 

Support Vector Machine 0.76 75.00 77.89 89.16 83.15 0.36 

k-Nearest Neighbors 0.80 75.83 79.35 87.95 83.43 0.39 

C_κ: Cohen’s Kappa, 

The other models also demonstrated predictive capability, 

but with lower overall performance. k-NN achieved a ROC-

AUC of 0.795 and an accuracy of 75.83%, followed by SVM 

with a ROC-AUC of 0.761 and an accuracy of 75.00%. Mul-

tinomial logistic regression provided the weakest overall dis-

crimination, with a ROC-AUC of 0.725 and an accuracy of 

68.33%. The superior performance of Random Forest sug-

gests that the relationship between survival-data characteris-

tics and Bayesian computational strategy is not adequately 

represented by a simple linear decision boundary. Instead, 

nonlinear effects and interactions among dataset characteris-

tics appear to contribute to algorithm selection. 

The relative importance of the five meta-features obtained 

from the Random Forest model is presented in Table 7. Ob-

served event proportion had the highest relative importance 

score, followed by covariate correlation and sample size. The 

number of covariates had a moderate contribution, whereas 

censoring proportion had the lowest relative importance. 

Table 7. Importance of Survival Dataset Meta-Features for Bayesian 

Computational Strategy Recommendation. 

Meta-Feature Importance Score (%) 

Observed event proportion (%) 100.0% 

Covariate correlation (ρ) 76.8% 

Sample size (N) 66.8% 

Number of covariates (p) 48.8% 

Censoring proportion (%) 17.4% 

These results indicate that the amount of observed event in-

formation may be particularly informative for distinguishing 

between computational environments. Covariate correlation 

was also highly influential, consistent with its potential effect 
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on posterior dependence and Markov-chain mixing. Sample 

size contributed substantially to the prediction of computa-

tional strategy, while the number of covariates provided addi-

tional information about model complexity. 

The importance scores in Table 7 should be interpreted as 

relative feature-importance measures rather than percentages 

of total importance. In addition, observed event proportion 

and censoring proportion are closely related characteristics; 

therefore, their importance should not be interpreted as com-

pletely independent effects. Rather, the results indicate the 

predictive contribution of these features within the fitted Ran-

dom Forest model. 

Collectively, the results demonstrate that the proposed 

meta-learning framework can learn meaningful relationships 

between survival-data characteristics and Bayesian computa-

tional performance. Random Forest provided the strongest 

predictive performance among the evaluated models, suggest-

ing that ensemble learning is well suited to the heterogeneous 

and potentially nonlinear relationships underlying computa-

tional algorithm selection. 

The framework therefore transforms Bayesian computa-

tional strategy selection from a fixed methodological decision 

into a data-driven recommendation problem. Given the char-

acteristics of a new survival dataset, the trained model can es-

timate the probability of each candidate computational strat-

egy and recommend the strategy expected to provide the most 

favorable overall performance according to the multi-criteria 

utility framework. These findings provide empirical support 

for data-driven Bayesian computational strategy recommen-

dation in survival analysis within the simulation settings con-

sidered in this study. The framework may provide a basis for 

further investigation and extension to other Bayesian models, 

sampling strategies, and computational settings. 

4. Application to Real Survival Datasets 

To evaluate the practical applicability and external validity 

of the proposed meta-learning recommendation framework, 

the methodology was applied to three independent real-world 

survival datasets representing distinct clinical settings and dif-

ferent levels of data complexity. The datasets included the 

German Breast Cancer Study Group (GBSG) dataset, the Vet-

eran lung cancer dataset, and the Primary Biliary Cirrhosis 

(PBC) dataset. These datasets were selected because they dif-

fer substantially in sample size, event frequency, censoring 

proportion, predictor composition, and clinical characteristics, 

thereby providing a heterogeneous set of external validation 

cases for the proposed framework. 

For each dataset, the survival-data meta-features were ex-

tracted using exactly the same procedure established in the 

simulation study. The resulting feature vector was then sup-

plied to the previously trained meta-learning model, without 

any retraining or recalibration using the real datasets. The 

trained model subsequently predicted the Bayesian computa-

tional strategy expected to provide a favorable balance be-

tween estimation performance and computational efficiency. 

This procedure allows the real-data analysis to serve as an ex-

ternal validation of the simulation-derived recommendation 

framework. 

4.1. Dataset Description 

Three benchmark survival datasets were selected to assess 

the proposed recommendation framework across different bi-

omedical applications. The datasets represent breast cancer, 

lung cancer, and chronic liver disease and collectively encom-

pass substantial variation in sample size, survival outcomes, 

event distributions, censoring levels, and predictor structures. 

All three datasets are publicly available through the survival 

package in R and have been widely used as benchmark da-

tasets in survival-analysis research. 

4.1.1. German Breast Cancer Study Group (GBSG) 

The GBSG dataset contains survival information for pa-

tients diagnosed with primary breast cancer and enrolled in the 

German Breast Cancer Study Group study. After excluding 

observations with missing values, 686 patients were retained 

for analysis. The survival endpoint is recurrence-free survival 

time, measured in days, with an event indicator identifying 

disease recurrence or censoring. The predictor variables in-

clude age, menopausal status, tumor size, tumor grade, lymph-

node involvement, progesterone receptor level, estrogen re-

ceptor level, and hormonal therapy status. Thus, the GBSG 

dataset represents a moderately large oncology study contain-

ing both continuous and categorical prognostic variables. 

4.1.2. Veteran Lung Cancer Dataset 

The Veteran dataset contains survival information for pa-

tients with advanced lung cancer who participated in a clinical 

trial conducted by the U. S. Veterans Administration. After 

removal of incomplete observations, 137 patients were re-

tained for the analysis. The survival endpoint is overall sur-

vival time, with death defined as the event of interest. The pre-

dictors include treatment assignment, cell type, Karnofsky 

performance score, diagnostic time, age, and previous therapy. 

Relative to the GBSG dataset, the Veteran dataset is substan-

tially smaller and exhibits a higher observed-event proportion, 

providing an external validation setting characterized by a 

smaller sample size and a different event-censoring structure. 

4.1.3. Primary Biliary Cirrhosis (PBC) Dataset 

The PBC dataset contains follow-up information for pa-

tients diagnosed with primary biliary cirrhosis, a chronic liver 

disease. After excluding incomplete observations, 276 pa-

tients with complete measurements were retained. The sur-

vival endpoint is overall survival time, with death defined as 

the primary event of interest. The available predictors include 
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treatment assignment, sex, age, edema status, bilirubin, cho-

lesterol, albumin, copper, alkaline phosphatase, aspartate ami-

notransferase, platelet count, and prothrombin time. The PBC 

dataset therefore provides a clinically distinct validation set-

ting from the two oncology datasets and includes heterogene-

ous demographic and laboratory predictors. 

The principal characteristics of the three real survival da-

tasets are summarized in Table 8. Collectively, these datasets 

provide heterogeneous external validation cases through 

which the ability of the proposed meta-learning framework to 

adapt its computational recommendation to different survival-

data characteristics can be evaluated. 

Table 8. Characteristics of the Real Survival Datasets Used for External Validation. 

Dataset Clinical domain Sample size Survival outcome Number of predictors Event definition 

GBSG Breast cancer 686 Recurrence-free survival 8 Disease recurrence 

Veteran Lung cancer 137 Overall survival 6 Death 

PBC Liver disease 276 Overall survival 7 Death 

 

4.2. Meta-Feature Extraction and  

Machine-Learning Recommendation of the 

Bayesian Computational Strategy 

The external-validation procedure followed the same meta-

learning pipeline established in the simulation study. Each real 

survival dataset was first transformed into a common meta-

feature representation, after which the resulting feature vector 

was supplied to the previously trained machine-learning rec-

ommendation model. Importantly, the real datasets were not 

used for model training, retraining, or calibration. Thus, the 

predictions represent genuine external applications of the sim-

ulation-derived recommendation system. 

Five dataset-level meta-features were extracted from each 

real survival dataset: sample size, number of predictors, aver-

age absolute pairwise covariate correlation, censoring propor-

tion, and observed event proportion. These characteristics 

were selected because they provide a concise representation 

of the dimensions of survival-data complexity that may influ-

ence the computational behavior of Bayesian estimation algo-

rithms, including posterior dependence, Markov chain mixing, 

convergence, effective sample size, and computational effi-

ciency. 

The sample size (N) was defined as the total number of 

complete observations included in the analysis, while the 

number of predictors (p) represented the explanatory variables 

included in the corresponding Bayesian survival model, ex-

cluding the survival time and event indicator. Covariate cor-

relation was calculated as the average absolute pairwise cor-

relation among the predictor variables following the numeri-

cal coding used in the analysis. The censoring proportion was 

calculated as the percentage of observations for which the 

event was not observed, whereas the observed event propor-

tion (OEP) represented the percentage of observations with an 

observed event. The two proportions therefore sum to 100% 

for each dataset. 

The resulting meta-feature vectors were then supplied di-

rectly to the trained recommendation model. Because the fea-

ture-extraction procedure was identical to that used to con-

struct the simulation meta-learning database, no additional re-

training, recalibration, or parameter tuning was performed for 

the real-data application. This design preserves methodologi-

cal consistency between the simulation study and external val-

idation and ensures that the recommendation is generated 

solely from dataset characteristics available before Bayesian 

model fitting. 

Among the machine-learning methods evaluated in the sim-

ulation study, the Random Forest classifier was selected as the 

primary recommendation model because it demonstrated the 

strongest overall predictive performance, achieving a ROC-

AUC of 0.894, an accuracy of 81.67%, and an F1-score of 

87.36%. The trained Random Forest model was therefore used 

to generate the dataset-specific recommendations for the three 

real survival datasets. 

As shown in Table 9, the GBSG dataset was characterized 

by 686 observations, eight predictors, an average covariate 

correlation of 0.144, 56.4% censoring, and 43.6% observed 

events. Based on these characteristics, the trained Random 

Forest model recommended Adaptive MCMC, with a predic-

tion probability of 75.2%. 

For the Veteran dataset, the extracted meta-features con-

sisted of 137 observations, six predictors, an average covariate 

correlation of 0.093, 6.6% censoring, and 93.4% observed 

events. In this setting, the Random Forest model recom-

mended Random-Walk MCMC, with a prediction probability 

of 61.4%. 

For the PBC dataset, the extracted characteristics were 276 

observations, seven predictors, an average covariate correla-

tion of 0.180, 53.3% censoring, and 46.7% observed events. 

The trained model recommended Adaptive MCMC, with a 

prediction probability of 85.2%. 
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Table 9. Meta-Learning Recommendation of Bayesian Computational Strategy for the Real Survival Datasets. 

Dataset 

Extracted Meta-Features of the Real Survival Datasets Used for Ex-

ternal Validation 
RA PP 

N p Correlation Censoring% OEP% 

GBSG 686 8 0.144 56.4% 43.6% Adaptive. MCMC 75.2% 

Veteran 137 6 0.093 6.6% 93.4% Random. Walk. MCMC 61.4% 

PBC 276 7 0.180 53.3% 46.7% Adaptive. MCMC 85.2% 

OEP: Observed Event Proportion; RA: Recommended Algorithm; PP: Prediction Probability. 

These results demonstrate that the proposed framework 

does not assign a single computational strategy to all survival 

datasets. Rather, the recommended algorithm changes accord-

ing to the observed characteristics of the dataset. Adaptive 

MCMC was recommended for GBSG and PBC, whereas Ran-

dom-Walk MCMC was recommended for the Veteran dataset. 

This variation provides evidence that the meta-learning model 

has learned a data-dependent decision rule from the simulation 

experiments rather than simply reproducing a fixed algorithm 

preference. 

The prediction probabilities provide an indication of the 

strength of the corresponding recommendations. The highest 

probability was obtained for Adaptive MCMC in the PBC da-

taset (85.2%), followed by Adaptive MCMC for GBSG 

(75.2%). The Random-Walk MCMC recommendation for the 

Veteran dataset had a lower probability of 61.4%, indicating 

comparatively greater uncertainty in the classification. These 

prediction probabilities should be interpreted as model-based 

classification probabilities and not as statistical confidence 

levels or posterior probabilities concerning the superiority of 

one computational algorit 

hm over another. 

Overall, Table 9 represents the pre-fitting decision stage of 

the proposed framework. At this stage, the characteristics of 

each survival dataset are available, but Bayesian model esti-

mation has not yet been performed. The recommended com-

putational strategy was subsequently used for Bayesian model 

fitting and parameter estimation, providing the second stage 

of the real-data validation described below. 

4.3. Bayesian Analysis and Parameter 

Estimation for the Real Survival Datasets 

Tables 10 and 11 provide the real-data validation of the in-

telligent Bayesian algorithm recommendation framework pro-

posed in this study. In conjunction with Table 9, the results 

demonstrate that the computational strategy selected by the 

meta-learning model can be directly applied to heterogeneous 

survival datasets to obtain Bayesian posterior inference. 

Table 10. Bayesian Parameter Estimates from the Weibull Mixture-Cure Model for the GBSG Survival Dataset Using Adaptive MCMC. 

Model Component Parameter Estimate Std. Error 95% CrI 

Cure 

Intercept (𝛾0) -2.732 0.400 (-3.528, -2.004) 

age (𝛾1) 0.673 0.176 (0.328, 1.018) 

meno (𝛾2) -1.210 0.532 (-2.236, -0.119) 

size(𝛾3) -0.632 0.290 (-1.200, -0.063) 

grade (𝛾4) 0.708 0.277 (0.197, 1.332) 

nodes (𝛾5) -2.372 0.430 (-3.167, -1.517) 

pgr (𝛾6) 0.210 0.013 (0.184, 0.235) 

er (𝛾7) -0.090 0.258 (-0.712, 0.367) 

hormone (𝛾8) 0.634 0.176 (0.307, 1.005) 

Survival age (𝛽1) -0.721 0.108 (-0.932, -0.510) 
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Model Component Parameter Estimate Std. Error 95% CrI 

meno (𝛽1) -0.989 0.138 (-1.259, -0.719) 

size (𝛽1) 0.015 0.079 (-0.122, 0.173) 

grade (𝛽1) 0.339 0.092 (0.156, 0.517) 

nodes (𝛽1) 0.207 0.059 (0.092, 0.317) 

pgr (𝛽1) -0.433 0.170 (-0.802, -0.060) 

er (𝛽1) 0.040 0.089 (-0.149, 0.213) 

hormone (𝛽1) -0.078 0.081 (-0.230, 0.081) 

log(𝜆) -11.003 0.475 (-11.880, -10.130) 

𝛾 1.478 0.067 (1.357, 1.595) 

95% CrI: 95% Credible Interval. 

Table 11. Bayesian Parameter Estimates for the Veteran and PBC Survival Datasets Using the Recommended Bayesian Computational Strat-

egies. 

Dataset Algorithm Parameter Estimate Std. Error 95% CrI 

Veteran Random-Walk MCMC 

age -0.231 0.077 (-0.382, -0.081) 

karno (𝛽1) -0.124 0.065 (-0.265, -0.001) 

diagtime (𝛽2) 0.099 0.011 (0.077, 0.120) 

celltypesmallcell (𝛽3) 0.149 0.027 (0.097, 0.201) 

celltypeadeno (𝛽4) 0.138 0.066 (0.009, 0.266) 

celltypelarge (𝛽5) 0.080 0.015 (0.051, 0.110) 

prior (𝛽6) -0.001 0.076 (-0.167, 0.151) 

trt (𝛽7) 0.007 0.061 (-0.104, 0.132) 

gamma (𝛽8) 0.177 0.010 (0.158, 0.197) 

PBC Adaptive MCMC 

age (𝛽1) 0.138 0.048 (0.052, 0.231) 

sex (𝛽2) 0.081 0.013 (0.055, 0.108) 

edema (𝛽3) -0.001 0.054 (-0.132, 0.108) 

bili (𝛽4) 0.098 0.024 (0.051, 0.145) 

albumin (𝛽5) -0.008 0.027 (-0.081, 0.037) 

protime (𝛽6) 0.097 0.010 (0.079, 0.116) 

stage (𝛽6) 0.064 0.020 (0.024, 0.104) 

gamma (𝛽7) 0.050 0.004 (0.043, 0.058) 

x95% CrI: 95% Credible Interval. 

As shown in Table 10, the trained Random Forest meta-

learning model recommended Adaptive MCMC for GBSG 

(75.2%), Random-Walk MCMC for Veteran (61.4%), and 

Adaptive MCMC for PBC (85.2%). These recommendations 

were determined solely from the observed dataset-level meta-

features before Bayesian model fitting, demonstrating that the 

framework does not impose a single computational strategy 

across different survival applications. 

The subsequent posterior results in Tables 10 and 11 were 

obtained using these recommended algorithms. For GBSG, 
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Adaptive MCMC successfully provided posterior estimates 

for both the cure and survival components, with several pa-

rameters showing credible intervals that excluded zero. For 

Veteran, the framework selected Random-Walk MCMC, 

which produced well-defined posterior estimates for the sur-

vival parameters. For PBC, Adaptive MCMC was again se-

lected, with the strongest recommendation probability (85.2%) 

and stable posterior estimates for the survival parameters. 

Importantly, the three datasets received different algorithm 

recommendations, despite being analyzed within the same 

Bayesian survival-analysis framework. This variation is a key 

result of the study: the proposed meta-learning system learns 

to associate characteristics of the survival dataset with the 

computational strategy expected to be most appropriate, rather 

than relying on a universally preferred MCMC algorithm. The 

higher prediction probability for PBC further indicates a more 

confident recommendation, whereas the lower probability for 

Veteran reflects greater uncertainty in the algorithm-selection 

decision. 

Overall, Tables 9, 10, and 11 provide an end-to-end demon-

stration of the proposed methodology: dataset characteristics 

→ meta-learning prediction → algorithm recommendation → 

Bayesian posterior inference. These findings provide practical 

evidence that meta-learning can serve as an intelligent pre-fit-

ting decision-support mechanism for Bayesian computation in 

survival analysis, directly supporting the central contribution 

of the proposed framework. 

4.4. External Validation of the Meta-Learning 

Recommendations 

Table 12 provides an empirical comparison of the recom-

mended and alternative Bayesian computational strategies 

across the three real survival datasets. The results provide 

strong external support for the meta-learning recommenda-

tions reported in Table 9. For GBSG, the recommended Adap-

tive MCMC achieved better performance than Random-Walk 

MCMC across all reported criteria, including lower DIC and 

WAIC, higher ESS and acceptance rate, lower IACT, and 

shorter CPU time. Similarly, for the Veteran dataset, the rec-

ommended Random-Walk MCMC yielded lower DIC and 

WAIC, higher ESS and acceptance rate, lower IACT, and 

shorter CPU time than Adaptive MCMC. For PBC, the rec-

ommended Adaptive MCMC again outperformed Random-

Walk MCMC across all six criteria. Thus, in all three inde-

pendent real-data applications, the algorithm selected by the 

meta-learning framework demonstrated superior empirical 

performance relative to the alternative strategy. These find-

ings provide consistent external validation of the proposed 

data-driven recommendation framework and demonstrate its 

ability to identify an appropriate Bayesian computational 

strategy according to the characteristics of the survival dataset. 

Table 12. Bayesian Model Fit and Computational Performance for the Real Survival Datasets. 

Dataset Algorithm DIC WAIC ESS AR (%) IACT CPUT (s) 

GBSG 
Adaptive MCMC 5254.543 5251.046 9.468 18.2% 136.819 2.17 

Random-Walk MCMC 5659.89 5661.262 8.12 8.8% 147.071 2.42 

Veteran 
Adaptive MCMC 1630.021 1673.858 14.388 8.2% 122.616 0.66 

Random-Walk MCMC 1605.178 1637.506 14.802 23.9% 115.695 0.47 

PBC 

Adaptive MCMC 2022.693 2022.289 17.291 14.6% 101.912 1.11 

Random-Walk MCMC 2157.043 2155.939 8.026 6.2% 142.868 1.28 

ESS: Effective Sample Size, AR: Acceptance Rate, CPUT (s): CPU Time (s). 

4.5. Validation of Algorithm Recommendations 

Table 13 provides an external validation of the meta-learn-

ing recommendations using the three independent real sur-

vival datasets. The recommendations were consistent with the 

observed computational performance across all datasets. For 

GBSG, the meta-learning model selected Adaptive MCMC 

with a prediction probability of 75.2%; the recommended 

method achieved lower CPU time, higher ESS, and lower 

IACT than Random-Walk MCMC. For Veteran, Random-

Walk MCMC was recommended with a prediction probability 

of 61.4% and similarly showed a favorable computational pro-

file, with lower CPU time, higher ESS, and lower IACT than 

Adaptive MCMC. For PBC, Adaptive MCMC received the 

strongest recommendation (85.2%) and substantially outper-

formed Random-Walk MCMC in ESS and IACT while also 

requiring less CPU time. Thus, the recommendation was com-

putationally supported for all three real datasets, providing 

empirical evidence that the proposed meta-learning frame-

work can translate dataset characteristics into useful, data-de-

pendent Bayesian computational strategy recommendations. 
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Table 13. External Validation of Meta-Learning Recommendations Using Real Survival Datasets. 

Dataset MLR PP (%) RACPUT ACPU RESS AESS RIACT AIACT RS 

GBSG 
Adaptive 

MCMC 
75.2 2.17 2.42 9.468 8.12 136.819 147.071 Supported 

Veteran 

Random-

Walk 

MCMC 

61.4 0.47 0.66 14.802 14.388 115.695 122.616 Supported 

PBC 
Adaptive 

MCMC 
85.2 1.11 1.28 17.291 8.026 101.912 142.868 Supported 

MLR: Meta-Learning Recommendation, RACPUT: Recommended Algorithm CPU Time, ACPU: Alternative CPU, RESS: Recommended 

ESS, AESS: Alternative ESS, RIACT: Recommended IACT, AIACT: Alternative IACT, RS: Recommendation Supported 

5. Discussion 

This study developed a data-driven meta-learning frame-

work for recommending Bayesian computational strategies in 

survival analysis. The simulation results demonstrated that the 

relative performance of Standard Random-Walk MCMC, 

Adaptive MCMC, HMC, and RJMCMC varied across sur-

vival-data environments. No single strategy consistently pro-

vided the most favorable combination of estimation accuracy, 

sampling efficiency, and computational cost. HMC frequently 

achieved highly efficient posterior exploration, as reflected by 

large ESS and low IACT, but required substantially greater 

computational time. In contrast, Standard Random-Walk 

MCMC benefited from low computational cost, while Adap-

tive MCMC often provided a favorable balance between sam-

pling efficiency and computation. RJMCMC generally 

showed lower sampling efficiency in the fixed-dimensional 

settings examined here. These findings support the need to 

consider multiple computational criteria when selecting a 

Bayesian sampling strategy. 

The meta-learning results provide evidence that character-

istics of a survival dataset can be informative for computa-

tional strategy recommendation. Random Forest achieved the 

strongest predictive performance among the evaluated ma-

chine-learning models, with a ROC-AUC of 0.89 and an ac-

curacy of 81.67% on the independent test set. The relatively 

high importance of observed event proportion, covariate cor-

relation, and sample size suggests that information content 

and posterior dependence may be particularly relevant to com-

putational strategy selection. These feature-importance 

measures represent predictive contributions within the fitted 

model and should not be interpreted as causal effects. 

The results also demonstrate the potential value of flexible 

machine-learning models for this problem. The stronger per-

formance of Random Forest relative to multinomial logistic 

regression suggests that the relationship between survival-data 

characteristics and computational strategy preference may in-

volve nonlinearities and interactions. This supports the use of 

meta-learning as a mechanism for learning computational pat-

terns from previous Bayesian analyses rather than relying ex-

clusively on a fixed algorithm-selection rule. 

The external evaluation using the GBSG, Veteran, and 

PBC datasets provided an initial assessment of transferabil-

ity beyond the simulation environment. The framework rec-

ommended Adaptive MCMC for GBSG and PBC and Stand-

ard Random-Walk MCMC for Veteran, and subsequent 

computational comparisons supported these recommenda-

tions. Importantly, the recommendations were generated be-

fore Bayesian model fitting and without retraining on the real 

datasets. Thus, the real-data applications provide an initial 

demonstration that computational information learned from 

simulated survival environments can provide useful guid-

ance for independent datasets. 

The practical implication is that Bayesian computational 

strategy selection can be treated as a pre-fitting decision-sup-

port problem. Dataset characteristics that are available before 

model fitting can be used to obtain an initial computational 

recommendation, potentially reducing repeated trial-and-error 

benchmarking. Nevertheless, such recommendations should 

complement rather than replace posterior diagnostics, conver-

gence assessment, and empirical comparison of alternative 

methods. 

The findings should be interpreted as a proof of concept 

within the scope of the present simulation design. The frame-

work considered 24 simulation scenarios, five dataset-level 

meta-features, four computational strategies, and three real 

survival datasets. Broader validation incorporating additional 

survival structures, larger and more diverse datasets, and mod-

ern sampling approaches such as NUTS and other gradient-

based methods is needed to assess generalizability. Future 

work could also investigate probabilistic or ranking-based rec-

ommendations and expand the meta-learning database 

through additional simulation and real-data computational ex-

periments. 

Overall, the principal contribution is the demonstration that 
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Bayesian computational strategy selection can be formulated 

as a data-driven recommendation problem. Rather than iden-

tifying a universally optimal sampling algorithm, the proposed 

framework uses characteristics of the survival-data environ-

ment to provide an initial recommendation based on compu-

tational experience accumulated across previous problems. 

6. Conclusion 

This study developed a data-driven meta-learning frame-

work for Bayesian computational strategy recommendation in 

survival analysis. Across 24 simulation scenarios, 2,400 sim-

ulated datasets, and four Bayesian computational strategies, 

the results demonstrated substantial variation in sampling ef-

ficiency, estimation accuracy, and computational cost across 

survival-data environments. HMC frequently achieved the 

highest effective sample sizes and lowest integrated autocor-

relation times but required substantially greater computational 

time, whereas Adaptive MCMC often provided a more favor-

able balance between sampling efficiency and computational 

cost. 

The meta-learning analysis showed that dataset-level char-

acteristics can provide useful information for computational 

strategy recommendation. Among the evaluated machine-

learning models, Random Forest achieved the strongest pre-

dictive performance, with a ROC-AUC of 0.89 and an accu-

racy of 81.67% on the independent test set. Observed event 

proportion, covariate correlation, and sample size were the 

most influential meta-features in the fitted recommendation 

model. 

External evaluation on the GBSG, Veteran, and PBC sur-

vival datasets provided an initial assessment of transferability 

beyond the simulation environment. The framework recom-

mended Adaptive MCMC for GBSG and PBC and Standard 

Random-Walk MCMC for Veteran, with subsequent compu-

tational comparisons providing empirical support for these 

recommendations. These findings demonstrate the feasibility 

of using dataset characteristics to inform Bayesian computa-

tional strategy selection before model fitting. 

The evidence should nevertheless be interpreted as a proof 

of concept rather than as evidence of universally optimal or 

broadly generalizable algorithm recommendations. The cur-

rent framework is based on a restricted simulation design, five 

dataset-level meta-features, four candidate computational 

strategies, and three real-data applications. Broader validation 

involving additional survival-data structures, modern sam-

pling methods, and larger collections of real datasets is re-

quired to establish the generalizability of the approach. Over-

all, the study demonstrates the potential of meta-learning to 

transform Bayesian computational strategy selection from a 

fixed methodological choice into a data-driven recommenda-

tion problem. 

This study introduced a meta-learning framework for intel-

ligent computational strategy recommendation in Bayesian 

survival analysis. The simulation experiments demonstrated 

substantial variation in the performance of competing Bayes-

ian computational strategies across different survival-data en-

vironments, establishing the need for data-dependent algo-

rithm selection. 

Among the evaluated machine-learning models, Random 

Forest provided the strongest predictive performance, demon-

strating that dataset-level characteristics can be used to learn 

meaningful relationships between survival-data structure and 

Bayesian computational performance. 

Most importantly, external validation using the GBSG, Vet-

eran, and PBC datasets demonstrated that the framework gen-

erated different algorithm recommendations according to the 

characteristics of each dataset. Adaptive MCMC was recom-

mended for GBSG and PBC, whereas Random-Walk MCMC 

was recommended for Veteran, and the subsequent computa-

tional comparisons supported these recommendations. 

The proposed framework therefore provides a practical 

bridge between machine learning and Bayesian computation, 

transforming algorithm selection from a fixed choice into a 

data-driven recommendation process. This represents a step 

toward more efficient and intelligent Bayesian survival anal-

ysis, with future extensions potentially incorporating addi-

tional computational strategies, survival-model structures, and 

larger collections of real-world datasets. 
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