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Abstract

Background and aim : Nowadays, with significant advances in all areas of medical science,
a significant proportion of patients with various types of diseases have long-term survival. So in
many cases we have survival data that the number of patients experiencing death from the disease

is much lower than that of censored cases. On the other hand, as we have many independent



variables in many studies, therefore, the ratio of the number of events to the number of
independent variables or better expression of Event per Variable (EPV) value should be
considered. Based on simulation studies, EPV between 10 and 20 is recommended. When EPV
is low, the use of classic models such as Cox is not recommended because the calculated
coefficients are not reliable.

In high-dimensional data, the data that the number of predictors is much larger than the
number of observations, EPV is always low. Therefore, if you are encountered such the data,
without checking the EPV value, the methods such as penalized methods will greatly reduce the
variance of classical models directly. But in the case of low-dimensional data, data that the
number of variables is less than the number of observations, either the amount of EPV is
acceptable so the use of classic models is unrestricted or EPV is low as a result the use of the
classical model will be problematic for this data so, in order to overcome the over-fitted classical
model, one solution must be found to improve the model variance.

Because of the importance of the EPV index and since few studies have evaluated low
dimensional and low EPV data, this study has dealt with it. And given the nature of the data used,
in particular, this study aims to compare the performance of the Random Survival Forest Model,
the penalized Cox Models, and the Bayesian cure Model as three different nonparametric, semi-
parametric, and parametric approaches in low-dimensional data with low EPV is done.

Method: In this study 252 dialysis patients were studied. Due to 35 death events and 19
variables, the EPV value was approximately 2. The data were randomly divided into two test and
train sets, and this procedure was repeated 500 times. The random survival forest models and Cox
models based on penalized methods (Lasso, Ridge and Elastic Net), as the first and second

proposed approaches in low dimensional data and low EPV, were implemented for training data,



respectively and evaluation of the prediction accuracy of these models in the test data was
provided using calibration slope (CS), C-index and Brier Score (BS) indices.

In addition, since the data in the study, all events occurred at the beginning of the Kaplan
Meier(K-M) curve and the end of the survival curve only included the censored case, therefore,
After fitting the Weibull, Log-Logistic and dagum Bayesian cure Models, the RMSE index was

used to compare the predictive performance of the above models with the Bayesian Parametric
cure Model.

For performing Bayesian analysis of mixture and non-mixture cure models, from the prior
normal distribution was used for the vector of regression coefficients. Also, the prior uniform
distribution was used to generate the shape parameters of the Weibull, Log-Logistic and Dagum
distributions. Also, the joint posterior distribution of the model parameters obtained with the
combination of the joint prior distribution with the likelihood function and with the Gibbs
sampling method, 101,000,0 samples were produced for each parameter. 10,000 first simulated
samples were discarded as burn-in, and to obtain almost uncorrelated samples, the samples were
selected with lag 50. Finally, the posterior summaries were obtained based on 20,000 samples.
The Bayesian estimates of the parameters are the average of Gibbs samples extracted from the
joint posterior distribution. Convergence of the MCMC algorithm was monitored by history and
autocorrelation plots for the simulated samples. Inferences were obtained using OpenBUGS and
R Softwares.

In addition, to compare the prediction performance of the models, 500 data sets with the
size of 252 were simulated for four scenarios with different EPV values (2, 3, 5 and 7). Censoring
times were generated by exponential distribution. Survival times were generated regarding Cox

proportional hazard model and the exponential distribution applied to generate baseline hazard



in cox model. The predictors were independent of each other and all continuous predictors were
generated from normal distribution and all categorical variables were produced from binomial
distribution. In all simulated scenarios, the data were generated such that no event occurred from
the time 25 until the end of the study to provide conditions for use of the cure models. Finally, the
predictive performance of all models was evaluated for different EPV values.

Findings : Based on the results, the best prediction performance in the real data, as well as
the simulation data with different EPV values, are related to the Bayesian parametric cure models
and random survival forest and Cox models with penalized methods, respectively.

Based on the values of the C-index and Brier Score in 500 datasets of train and test, the
internal and external performance of the Random Survival Forest model are close to each other
(C-index .=0.653, C-index (,;,=0.618) and (Brier Score = 0.026, Brier Score ,;,=0.017) and
in all the simulation scenarios, with increasing EPV value, there was always an improvement in
the predictive performance of the Random Survival Forest model, that is, for EPV =2 the value of
Root Mean Square Error (RMSE) index was 0.142 and for EPV=7, RMSE = 0.088.

Based on the mean of Brier Score in 500 testing sets, the predictive accuracy of all three
penalized methods is the same (Brier Score =0.028) but based on C-index, the predictive
accuracy of Ridge is more than Lasso and Elastic Net because it had the highest mean of C-index
in 500 testing sets (C-index ,=0.810) also, in all simulated scenarios, Ridge had the best
predictive performance and Elastic Net is in the next place.

In the case of Bayesian cure models, based on the Deviance Information Criteria (DIC) index, the
Bayesian Dagum non-mixture cure model has the best fit in both real data (DIC =110.7) and
simulated data compared to other cure models but the predictive performance of the cure models

based on the RMSE index was very close to each other in real data, the best predictive



performance belonged to the Bayesian non-mixure cure model with Dagum distribution (RMSE
= (0.017) and the Bayesian Weibull cure models had the worst prediction accuracy (RMSE =
0.027). Also in all simulation scenarios with different EPV values, for all EPV values, the
Bayesian non-mixure cure model with Dagum distribution has the best predictive performance.

Conclusion: The findings of the present study showed that Bayesian parametric cure
models are the best choice for solving the EPV problem if all events occurred at the beginning of
the study and no events appeared at the end of the Kaplan-Meier curve. Cox models based on
penalized methods can also help reduce EPV problem after random forest survival. In general,
although there was a difference in the predictive accuracy of the studied models, the superiority
between the models is not very significant. So perhaps we can say that performance of all three
models of nonparametric random survival forest, semi-parametric Cox methods based on
penalized methods and parametric Bayesian cure are acceptable. Therefore, the researcher can

then select any of the above models to solve the low EPV in low dimensional data.

Key words : Random Survival Forest, low-dimensional data, few event, Penalized

Regression, Bayesian Cure Model
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