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Comparison of prediction ability of two extended Cox models in nonlinear survival data
analysis
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Abstract: Objective To compare the predictive ability of two extended Cox models in nonlinear survival data analysis.
Methods Through Monte Carlo simulation and empirical study and with the conventional Cox Proportional Hazards model
and Random Survival Forests as the reference models, we compared restricted cubic spline Cox model (Cox_RCS) and
DeepSurv neural network Cox model (Cox_DNN) for their prediction ability in nonlinear survival data analysis. Concordance
index was used to evaluate the differentiation of the prediction results (a larger concordance index indicates a better prediction
ability of the model). Integrated Brier Score was used to evaluate the calibration degree of the prediction (a smaller index
indicates a better prediction ability). Results For data that met requirement of the proportion risk, the Cox_RCS model had the
best prediction ability regardless of the sample size or deletion rate. For data that failed to meet the proportion risk, the
prediction ability of Cox_DNN was optimal for a large sample size (=500) with a low deletion (<40%); the prediction ability of
Cox_RCS was superior to those of other models in all other scenarios. For example data, the Cox_RCS model showed the best
performance. Conclusion In analysis of nonlinear low maintenance data, Cox_RCS and Cox_DNN have their respective
advantages and disadvantages in prediction. The conventional survival analysis methods are not inferior to machine learning
or deep learning methods under certain conditions.
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Fig.1 Diagram of the structure of DeepSurv.
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Fig.2 Concordance index (top) and integrated Brier score (bottom) of Cox, Cox_DNN, Cox_RCS and
RSF for PH datasets when the nonlinear variable coefficient S=1.
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Fig.3 Concordance index (top) and integrated Brier score (bottom) of Cox, Cox_DNN, Cox_RCS and
RSF for non-PH datasets when the nonlinear variable coefficient S=1.
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Tab.1 Adjustment range of neural network parameters in the
example dataset

Adjustment parameters Range

Number of hidden units [5,10,15,20,50]

Number of hidden layers [1,2,3,4]
Activation function [Sigmoid, Tanh,ReLU, LeakyReLU]

Learning rate [0.00001,0.0001,0.001,0.01,0.1]
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Tab.2 Characteristics of the covariates in Dataset WHAS [Mean+SD (min~max) or 1 (%)]

Variable Description Codes Values
Id Identification Number 1-500
Age Age at Hospital Admission Years 69.85+14.49
Hr Initial Heart Rate Beats per minute 87.02+23.59
Sysbp Initial Systolic Blood Pressure mmHg 144.70+32.29
Diasbp Initial Diastolic Blood Pressure mmHg 78.27421.55
Bmi Body Mass Index kg/m’ 26.61£5.41
Los Length of Hospital Stay Days 6.12+4.71
Cvd History of Cardiovascular Disease 0=No 125(25.0%)
1=Yes 375(75.0%)
Gender Gender 0=Male 300(60.0%)
1=Female 200(40.0%)
Afb Atrial Fibrillation 0=No 422(84.4%)
1=Yes 78(15.6%)
Sho Cardiogenic Shock 0=No 478(95.6%)
1=Yes 22(4.4%)
Chf Congestive Heart Complications 0=No 345(69.0%)
1=Yes 155(31.0%)
Av3 Complete Heart Block 0=No 489(97.8%)
1=Yes 11(2.2%)
Miord MI Order 0=First 329(65.8%)
I=Recurrent 171(34.2%)
Mitype MI Type 0=non Q-wave, 347(69.4%)
1=Q-wave 153(30.6%)
Fstat Vital Status at Last Follow-up 0=Censor 285(57.0%)
1=Dead 215(43.0%)
Lenfol Total Length of Follow-up Time(days) 882.44+705.67
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Fig.5 Concordance index (left) and integrated Brier scores (right) of WHAS dataset.
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