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Abstract: 

This study aims to improve survival prediction in patients with kidney failure undergoing hemodialysis, given their high 
mortality risk. Traditional models such as Cox Proportional Hazards (Cox PH) have limitations in capturing complex and 

nonlinear relationships in clinical data. Therefore, this study applies DeepSurv, a deep learning–based survival model, and 

compares its performance with Cox PH and Cox PH Spline. A total of 300 patients were included, with 165 events and 135 

censored observations. The data were split into training and testing sets. DeepSurv was implemented using two hidden 
layers (64 and 32 neurons), a dropout rate of 0.2, and a learning rate of 1e-3. The model was trained for up to 1000 epochs 

with early stopping at epoch 435. Performance was evaluated using the concordance index (C-index) and time-dependent 

AUC at 365, 544, and 730 days. Patients were stratified into low-, medium-, and high-risk groups based on predicted scores. 

Results showed that Cox PH achieved a C-index of 0.913 and average AUC of 0.964, while Cox PH Spline reached 0.917 
and 0.971. DeepSurv achieved a C-index of 0.920 and average AUC of 0.969. Performance differences were small, but 

DeepSurv provided consistent individual risk estimates. In conclusion, DeepSurv is a flexible approach with performance 

comparable to Cox-based models. Further external validation and clinical evaluation are needed before wider application. 

Keywords: DeepSurv; Hemodialysis; Kidney Failure; Survival Analysis. 

Dataset link: https://drive.google.com/file/d/17WxI5WNKR8L2chqQJBjLdjry61VIR9tZ/view?usp=sharing 
 

1. Introduction 

Chronic Kidney Disease (CKD) is a major global health problem with a prevalence that continues to increase each 

year. CKD is defined as a progressive and irreversible decline in kidney function, characterized by a glomerular 

filtration rate (GFR) below 60 ml/min for more than three months or persistent structural kidney damage [1]. In 

advanced stages, CKD progresses to end stage renal disease (ESRD), which requires renal replacement therapy such 

as hemodialysis, peritoneal dialysis, or kidney transplantation to sustain life [2]. According to the National Kidney 

Foundation, the average life expectancy of patients undergoing hemodialysis is only about 5-10 years despite optimal 

care [3]. 

Globally, the World Health Organization (WHO) reports approximately 850,000 deaths annually due to CKD, 

making it one of the leading causes of death worldwide, while the Global Burden of Disease Study (2019) estimates 

more than 1.4 million deaths related to CKD. In Indonesia, the prevalence of CKD has also increased significantly, 

with the 2018 Basic Health Research (Riskesdas) reporting more than 739,000 cases [4]. The growing number of 

hemodialysis patients poses a major challenge to healthcare systems, particularly in developing countries with limited 

resources. In Indonesia, dialysis cases continue to rise each year, placing a heavy burden on hospitals and the national 

health system. 
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Patients undergoing hemodialysis face a high risk of mortality due to various complications and comorbidities. 

Factors such as age, sex, dialysis frequency, hypertension, hypotension, and diabetes mellitus contribute to the 

complexity of survival outcomes. The presence of heterogeneous patient characteristics and dynamic clinical 

conditions further complicates survival prediction. Therefore, early identification of high-risk patients is crucial to 

improve clinical management and reduce mortality rates. 

Conventional survival analysis methods, such as Kaplan Meier estimation and Cox Proportional Hazards (Cox 

PH) regression, are widely used to estimate survival probabilities and identify prognostic factors [5]. However, these 

approaches rely on assumptions of linear covariate effects and proportional hazards, which often do not hold in 

heterogeneous and complex hemodialysis clinical data [6], [7], [8]. As a result, traditional models may fail to capture 

non linear relationships and complex interactions among clinical variables, leading to less accurate individual survival 

predictions [9]. This limitation highlights a clear research gap in developing more flexible models capable of handling 

such complexities. 

Recent advances in machine learning and deep learning have introduced more flexible approaches for survival 

prediction [10]. DeepSurv extends the Cox PH model by utilizing deep neural networks to learn nonlinear relationships 

between covariates and mortality risk, thereby enabling more personalized risk estimation [11]. Previous studies have 

demonstrated that DeepSurv can outperform conventional Cox based models in predictive accuracy and risk 

stratification, particularly in complex clinical datasets [12], [13]. 

Based on this gap, this study hypothesizes that DeepSurv can improve long term discrimination performance 

compared to conventional Cox PH and Cox PH Spline models in predicting survival outcomes of hemodialysis patients 

[14], [15]. To evaluate this hypothesis, this study applies DeepSurv to generate individual risk scores and stratifies 

patients into low, medium, and high-risk groups. The performance of DeepSurv is systematically compared with Cox 

PH and Cox PH Spline models to assess predictive capability and the quality of risk stratification [16], [17]. 

This study uses hemodialysis patient data from RSUD Haji Surabaya and aims to contribute to the development 

of more flexible, interpretable, and clinically applicable survival prediction models. The findings are expected to 

support clinical decision making and provide insights into the application of deep learning-based survival models in 

healthcare settings, particularly in the context of risk assessment. 

2. Method 

This study proposes a systematic survival analysis framework to identify mortality risk levels in patients with 

chronic kidney disease undergoing hemodialysis at RSUD Haji Surabaya. The workflow includes clinical data 

preprocessing, survival modeling using both statistical and deep learning approaches, and comprehensive model 

evaluation.  

 

Figure 1. Research Flowchart 
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Retrospective medical records of 300 patients with chronic kidney disease undergoing hemodialysis were collected 

from RSUD Haji Surabaya, covering the period from January 1, 2022, to December 1, 2025. Independent variables 

consisted of demographic and clinical factors such as age, sex, dialysis frequency, hypertension, diabetes, hemoglobin 

levels, and other relevant medical indicators. The dependent variable was survival time, defined as the duration from 

the initiation of hemodialysis to the occurrence of death. Patients who did not experience the event during the 

observation period were treated as right censored cases [18], [19]. Missing values were handled through appropriate 

preprocessing steps, including imputation for numerical variables and consistency checks for categorical variables. 

Table 1. Kidney Failure Dataset 

No Patient Status Age Dialysis Frequency ⋯ Diabetes Urea Time to Event (Days) 

1 1 47 4 ⋯ 0 17 386 

2 0 55 8 ⋯ 1 77 1411 

3 0 41 8 ⋯ 1 47 1411 

⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ 

98 0 79 8 ⋯ 1 23 352 

⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ 

300 1 58 1 ⋯ 1 42 60 

The dataset was divided using a holdout strategy into 80% training data (240 patients) and 20% testing data (60 

patients). The split was performed randomly with a fixed random seed to ensure reproducibility, while maintaining 

the proportion of event and censored observations. 

Survival outcomes are represented by survival time 𝑇𝑖 and event status 𝐸𝑖, while clinical predictors (𝑋1, 𝑋2, ⋯ , 𝑋10) 

form the covariate matrix used in the DeepSurv model to estimate individual mortality risk. 

The primary predictive approach in this study is DeepSurv, a deep feed forward neural network that extends the 

Cox Proportional Hazards (CPH) model by learning complex nonlinear interactions among clinical variables [20], 

[21]. Unlike the classical Cox model, which assumes linear covariate effects, DeepSurv replaces the linear risk 

function with a neural network representation. The hazard function is expressed as: 

ℎ(𝑡 | 𝑋) = ℎ0(𝑡) ⋅exp𝑓(𝑥𝑖;𝜃)                 (1) 

where 𝑓(𝑥𝑖; 𝜃) denotes the network output (log risk score) learned from patient covariates such as age, blood 

pressure, creatinine levels, comorbidities, and dialysis frequency. The DeepSurv architecture is constructed using 

multiple hidden layers with the Scaled Exponential Linear Unit (SELU) activation function, chosen for its ability to 

maintain activation stability and accelerate convergence. To reduce the risk of overfitting, regularization techniques 

such as dropout and weight decay are applied. Model training is performed by optimizing network parameters through 

hyperparameter tuning. In this study, the network consists of two hidden layers with 64 and 32 neurons, respectively, 

a dropout rate of 0.2, and is trained using the Adam optimizer with a learning rate of 1 × 10−3.The model is trained 

for a maximum of 1000 epochs with early stopping based on validation loss to prevent overfitting. The loss function 

is defined as the negative log partial likelihood from the Cox framework, thereby preserving the fundamental structure 

of survival analysis while adopting a deep learning approach [22], [23]. 

For comparison, the DeepSurv approach is evaluated against the Cox Proportional Hazards and Cox PH Spline 

models. The Cox PH model is used as a conventional survival analysis benchmark. The Cox PH Spline model is 

applied to accommodate nonlinear relationships in specific variables [24], [25]. Based on exploratory analysis, dialysis 

frequency showed indications of a complex nonlinear relationship with survival outcomes; therefore, a spline 

transformation with 3 degrees of freedom (df = 3) is applied to this variable. Knot placement is determined using a 

quantile-based approach to ensure stable estimation. 
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Model performance is primarily evaluated using the Concordance Index (C-index), which assesses the model’s 

ability to correctly rank patients according to survival risk while accounting for censored observations [26], [27]. The 

C-index is defined as: 

𝐶 − 𝐼𝑛𝑑𝑒𝑥 =  
𝑁𝑘𝑜𝑛𝑘𝑜𝑟𝑑𝑎𝑛+0.5×𝑁𝑡𝑖𝑒

𝑁𝑒𝑣𝑎𝑙𝑢𝑎𝑠𝑖
                                                                   (2) 

where 𝑁𝑘𝑜𝑛𝑘𝑜𝑟𝑑𝑎𝑛 is the number of correctly ordered pairs,  𝑁𝑡𝑖𝑒 is the number of pairs with identical predicted 

risk, and 𝑁𝑒𝑣𝑎𝑙𝑢𝑎𝑠𝑖 is the total number of comparable pairs. A higher C-index indicates better discriminative 

performance of the survival model. 

In addition, time dependent ROC curves and AUC are used to measure model discrimination at specific time 

horizons. To complement discrimination performance, model calibration is also evaluated using calibration curves 

and the Integrated Brier Score (IBS), ensuring that predicted survival probabilities are consistent with observed 

outcomes [28], [29]. 

Individual risk scores generated by the DeepSurv model are subsequently used for clinical risk stratification. Based 

on the distribution of risk scores, patients are categorized into three groups: low risk, medium risk, and high risk. To 

evaluate differences in survival among these risk groups, Kaplan Meier survival curves are estimated for each group. 

Divergence among the survival curves serves as an indicator of the effectiveness of the model’s risk stratification [30], 

[31]. 

Thus, this study not only assesses survival prediction performance in terms of discrimination but also emphasizes 

calibration and the model’s effectiveness in practically and interpretably classifying patient mortality risk levels.  

3. Result and Discussion 

The baseline characteristics of patients with chronic kidney disease undergoing hemodialysis are summarized in 

Table 2. The table presents demographic and clinical variables for the overall cohort as well as for the training and 

test subsets. Continuous variables are reported as medians with interquartile ranges (Q1–Q3), while categorical 

variables are presented as frequencies and percentages, with p-values indicating differences between groups. 

Table 2. Baseline Characteristics of Hemodialysis Patients 

Variable Overall Training Test p-value 

Age (median [Q1-Q3]) 
 

58.0 [51.0–66.0] 58.5 [51.0–66.2] 55.5 [47.8–64.0] 0.332 

Hemodialysis Frequency (median [Q1–

Q3]) 
 

5.0 [1.0–7.0] 5.0 [1.0–7.0] 5.0 [1.8–7.0] 0.896 

Hemoglobin (g/dL) (median [Q1–Q3]) 
 

9.3 [8.1–10.9] 9.3 [8.1–10.9] 9.1 [8.0–10.9] 0.550 

Creatinine (mg/dL) (median [Q1–Q3]) 
 

4.7 [2.8–7.7] 4.5 [2.8–7.7] 5.0 [2.7–7.8] 0.690 

Urea (mg / dl) (median [Q1–Q3]) 
 

45.0 [28.8–69.5] 45.0 [28.0–67.0] 49.5 [31.5–73.8] 0.359 

Systolic Blood Pressure (median [Q1–Q3]) 140.5 [121.0–165.0] 
142.0 [125.0–

165.0] 

137.0 [110.8–

174.8] 
0.235 

Sex (n, %)    0.665 

0 150 (50.0%) 122 (50.8%) 28 (46.7%)  

1 150 (50.0%) 118 (49.2%) 32 (53.3%)  

Diabetes (n, %)    0.348 

0 44 (14.7%) 38 (15.8%) 6 (10.0%)  

1 256 (85.3%) 202 (84.2%) 54 (90.0%)  

Hypertension (n, %)    0.061 
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Variable Overall Training Test p-value 

0 150 (50.0%) 113 (47.1%) 37 (61.7%)  

1 150 (50.0%) 127 (52.9%) 23 (38.3%)  

Hypotension (n, %)    0.818 

0 289 (96.3%) 232 (96.7%) 57 (95.0%)  

1 11 (3.7%) 8 (3.3%) 3 (5.0%)  

Baseline characteristics were generally comparable between the training and test sets, with no statistically 

significant differences observed for most variables (p > 0.05). Clinical measures such as age, laboratory parameters, 

and hemodialysis frequency exhibited consistent distributions, indicating a well-balanced cohort split. These results 

suggest that subsequent survival modeling can be conducted without significant baseline bias between the datasets. 

For the Cox Proportional Hazards model, statistical inference was further supported using the Wald test to assess 

individual covariate significance, the proportional hazards assumption test to verify model validity, and the log 

likelihood test to evaluate overall model fit. 

Subsequently, a feature importance analysis was performed to evaluate the relative contribution of each predictor 

in the standard Cox Proportional Hazards model, the Cox model with spline transformation, and the DeepSurv model, 

in order to assess the consistency of survival patterns across datasets. 

  

Figure 2. Feature Importance – Cox Proportional 

Hazard 

Figure 3. Feature Importance – Cox Proportional 

Hazard Spline 

      

 
Figure 4. Feature Importance – DeepSurv Model 
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In the standard Cox Proportional Hazards model (Figure 2), hemodialysis frequency emerged as the most 

influential predictor of survival, showing a markedly stronger effect than the other covariates, while hypertension, 

diabetes, and hypotension exhibited moderate contributions. When spline transformations were applied (Figure 3), 

the nonlinear representation of hemodialysis frequency remained the dominant feature, whereas the relative 

importance of other clinical variables further decreased. 

In contrast, the DeepSurv model (Figure 4) demonstrated a more distributed pattern of feature importance, in 

which multiple variables including hemodialysis frequency, sex, urea levels, blood pressure, and other laboratory 

parameters contributed meaningfully to survival prediction. 

Feature importance in the DeepSurv model was derived from the magnitude of the neural network weights in the 

first hidden layer. Specifically, the importance of each feature was computed as the mean absolute value of its 

corresponding input weights, followed by normalization. From a theoretical perspective, this approach reflects how 

strongly each input variable influences the learned risk representation, where larger weight magnitudes indicate greater 

contribution to the predicted log risk function. Although this method provides an interpretable approximation, it should 

be noted that it does not fully capture complex nonlinear interactions as in permutation-based methods. 

Kaplan Meier curves were used to compare survival distributions between the training and test datasets for the 

standard Cox Proportional Hazards, Cox spline, and DeepSurv models. 

 
 

Figure 5. Kaplan Meier Curves – Cox Proportional 

Hazard 

Figure 6. Kaplan Meier Curves – Cox Proportional 

Hazard Spline 

 
Figure 7. Kaplan Meier Curves – DeepSurv Model 
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For the standard Cox model, the survival curves of the training set (n = 240) and test set (n = 60) largely overlapped, 

with no significant differences observed (log rank p = 0.84), indicating comparable baseline survival patterns. Similar 

results were obtained for the Cox spline model, where the inclusion of non linear effects did not alter the alignment 

of survival curves between datasets (log rank p = 0.839). 

For the DeepSurv model, Kaplan Meier analysis likewise showed no statistically significant differences between 

the training and test datasets (log rank p = 0.839). In the training set, the cumulative number of events increased from 

56 at day 200 to 133 at day 1400, while the number of patients at risk declined from 240 at baseline to 43 at the end 

of the observation period. A similar pattern was observed in the test set, with cumulative events rising from 14 at day 

200 to 32 at day 1400, and 12 patients remaining at risk. 

Overall, the consistent overlap of Kaplan Meier curves and non-significant log rank test results across all models 

indicate good dataset comparability and support the robustness of subsequent survival modeling. 

Following the comparison of survival distributions between the training and test datasets, further analysis was 

conducted using Kaplan Meier curves stratified by predicted risk groups (low, medium, and high risk) to evaluate the 

discriminative ability of each survival model. Risk stratification was performed separately for the standard Cox 

Proportional Hazards model, the Cox model with spline transformation, and the DeepSurv model, with the 

corresponding Kaplan Meier curves presented in Figures 8-10. 

Risk groups were defined based on tertile cutoffs of the predicted risk scores, where patients in the lowest 33% 

were categorized as low risk, the middle 33% as medium risk, and the highest 33% as high risk. This approach ensures 

balanced group sizes and is commonly used in survival analysis to facilitate clinical interpretability. 

    

Figure 8. Risk Stratification– Cox Proportional Hazard Figure 9. Risk Stratification – Cox Proportional 

Hazard Spline 
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Figure 10. Risk Stratification – DeepSurv Model 

The Kaplan Meier curves for the Cox Proportional Hazards model demonstrate clear separation among the three 

risk groups, with a statistically significant log rank test (p < 0.001). The low risk group (n = 80) recorded 7 events at 

day 1400 with 35 patients remaining at risk, the medium risk group recorded 47 events, while the high risk group 

experienced early events, with 54 events by day 200 and 79 events by day 600. The Cox Proportional Hazards model 

with spline transformation exhibited a similar stratification pattern (p < 0.001), in which the low risk group still 

recorded 7 events at day 1400, the medium risk group 47 events, and the high risk group 79 events by day 600, 

indicating that the inclusion of spline terms preserved the model’s discriminative ability. 

In the DeepSurv model, the Kaplan Meier curves also showed clear risk separation (p < 0.001). The low risk group 

recorded 6 events at day 1400 with 37 patients remaining at risk, the medium risk group 47 events, and the high risk 

group exhibited the most aggressive risk profile, with 55 events by day 200 and all events (80 events) occurring by 

day 600. 

After individual risk scores were obtained from the DeepSurv model, survival probabilities were estimated at time 

horizons of 365, 544, and 730 days. Based on the risk score values, patients were categorized into low, medium, and 

high risk groups. The following table presents the risk scores, risk group assignments, and estimated survival 

probabilities at each time horizon. 

Table 3. Probability of Survival 

 Risk Score Risk Group 
Probability of Survival 

365 Days 544 Days 730 Days 

0 3.3490 High 10.87% 0.03% 0% 

1 -3.3081 Middle 99.71% 98.99% 97.60% 

2 -0.9077 Middle 96.90% 89.49% 76.51% 

3 -5.6527 Low 99.97% 99.90% 99.76% 

4 -2.7680 Middle 99.51% 98.28% 95.92% 

⋯ ⋯ ⋯ ⋯ ⋯ ⋯ 

Table 3 shows that patients in the high risk group have very low survival probabilities, with S365 = 0.109 

decreasing to nearly zero by days 544 and 730. In contrast, the low risk group maintains a very high survival 

probability up to day 730 (S730 = 0.998) The medium risk group exhibits intermediate survival values, with a gradual 

decline from S365 = 0.969 to S730 = 0.765, confirming the effectiveness of the DeepSurv model in patient risk 

stratification. 

The predictive accuracy of the model at specific time horizons was evaluated using time dependent area under the 

curve (AUC) at days 365, 544, and 730 to assess short to long term risk classification performance. 

Table 4. Time Dependent  

Model 
Time Dependent AUC 

365 Days 544 Days 730 Days 

Cox Proportional Hazard 0.958 0.972 0.973 

Cox Proportional Hazard 

With Spline 
0.968 0.979 0.969 

DeepSurv 0.964 0.974 0.976 

Predictive performance at specific time horizons was evaluated using time dependent AUC at days 365, 544, and 

730. The Cox Proportional Hazards model with spline transformation achieved the highest AUC values at day 365 

(0.968) and day 544 (0.979), while the DeepSurv model produced consistently high AUC values across all evaluation 

horizons, with the highest value at day 730 (0.976). 
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However, it is important to note that the differences in AUC values across models are relatively small. Therefore, 

strong claims of superiority should be interpreted with caution, and future work should incorporate statistical 

uncertainty estimation, such as confidence intervals or bootstrap resampling, to provide more rigorous model 

comparisons. 

To complement the evaluation of model discrimination, calibration performance was assessed using the Integrated 

Brier Score (IBS). The IBS measures the average squared difference between predicted survival probabilities and 

observed outcomes over time, while accounting for censored data. Lower IBS values indicate better agreement 

between predicted and actual survival, reflecting more accurate probability estimation. The IBS was computed over a 

restricted time grid within the observed follow up range of the test dataset to ensure valid and comparable evaluation 

across models. 

Table 5. Integrated Brier Score  

Model Integrated Brier Score 

Cox Proportional Hazard 0.10796 

Cox Proportional Hazard With Spline 0.07034 

Deepsurv 0.06816 

Based on the results presented in Table 5, the DeepSurv model achieved the lowest IBS value (0.06816), followed 

closely by the Cox Proportional Hazards model with spline transformation (0.07034), while the standard Cox 

Proportional Hazards model showed the highest IBS value (0.10796). 

These findings indicate that both DeepSurv and the spline-based Cox model provide better calibration performance 

compared to the standard Cox model, with only a small difference between the two best performing approaches. The 

improvement observed in the spline based Cox model suggests that incorporating nonlinear effects enhances the 

model’s ability to estimate survival probabilities more accurately. 

Meanwhile, the DeepSurv model demonstrates the best overall calibration performance, indicating its effectiveness 

in capturing complex relationships among covariates and translating them into more accurate survival probability 

estimates. However, the differences between DeepSurv and the Cox spline model are relatively small, suggesting that 

both approaches perform comparably in terms of calibration. Therefore, strong claims of superiority should be 

interpreted with caution, and further statistical validation, such as confidence intervals or bootstrap analysis, may be 

required to confirm the significance of these differences. 

The discriminative performance of the models was evaluated using the concordance index (C-index) to assess their 

ability to rank patients according to survival risk while accounting for censored data. 

 

 

 

Table 6. Model Evaluation 

Model 
C-Index 

Training Dataset Testing Dataset 

Cox Proportional Hazard 0.911 0.913 

Cox Proportional Hazard 

With Spline 
0.911 0.917 

DeepSurv 0.925 0.920 

Model performance evaluation using the concordance index (C-index) indicates that all models exhibit high 

discriminative ability, with C-index values exceeding 0.90 on both training and test datasets. The standard Cox 

Proportional Hazards model achieved a C-index of 0.911 on the training data and 0.913 on the test data, indicating 

stable and consistent performance. The Cox Proportional Hazards model with spline transformation yielded the same 
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C-index on the training data (0.911) and an improved value on the test data (0.917), reflecting slightly better model 

generalization. Among all approaches, the DeepSurv model attained the highest C-index on the training data (0.925) 

and maintained strong performance on the test data (0.920), demonstrating the overall best risk discrimination 

capability. 

Following risk stratification, survival curve comparisons were conducted to further evaluate the predictive 

performance of each model. Figure 11 presents the survival curves generated by the standard Cox PH, Cox PH spline, 

and DeepSurv models, with Kaplan Meier estimates used as the baseline. 

 

Figure 11. Model Prediction – Survival Curves Comparison 

 

The visualization shows that the DeepSurv curve maintains slightly higher survival probabilities compared with 

the standard Cox PH and Cox PH spline models, suggesting its ability to capture more flexible survival patterns. The 

standard Cox PH curve exhibits a more rapid decline in survival, while the Cox PH spline model provides moderate 

improvement. Kaplan Meier estimates serve as an empirical reference, indicating that all models generally follow the 

observed data trends. 

Overall, while DeepSurv demonstrates consistent and stable performance, the differences compared to Cox based 

models remain relatively small, highlighting the importance of balancing model complexity with interpretability in 

clinical applications. 

 

 

4. Conclusion 

Based on the analysis results, all three models the standard Cox Proportional Hazards, Cox PH spline, and 

DeepSurv were able to classify hemodialysis patients into low, medium, and high risk groups. The Cox based models 

demonstrated clear risk separation, with hemodialysis frequency emerging as the primary predictor, whereas 

DeepSurv captured more diverse and non linear contributions from multiple clinical variables. Kaplan Meier analysis 

confirmed good agreement between the training and test datasets (log rank p > 0.8), indicating consistent survival 

patterns across data splits. 

In terms of predictive performance, all models showed strong discrimination ability. The DeepSurv model 

achieved slightly higher C-index values (0.925 for training and 0.920 for testing) compared to the Cox based models, 

along with consistently high time dependent AUC values across the evaluated time horizons (365, 544, and 730 days). 



129  Indonesian Journal of Data and Science 

 

 

However, the differences in performance metrics between models were relatively small, suggesting that all approaches 

provide comparable discrimination capability. 

Overall, DeepSurv demonstrates the ability to model complex relationships within clinical data and supports 

effective risk stratification. Nevertheless, these findings should be interpreted cautiously. This study is based on 

retrospective data from a single center, which may introduce location specific bias and limit generalizability. In 

addition, no external validation was performed. Therefore, further studies using multicenter datasets and external 

validation are necessary before considering clinical implementation or broader generalization of the proposed model. 
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