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Abstract
Background: The increasing complexity and volume of data across various disciplines have encouraged the use of machine
learning methods, including in survival analysis. Given the large percentage of censored data in survival datasets, a
methodological technique that can generate more precise survival probability forecasts is required. This study aims to
advance survival analysis by applying the Weighted Least Squares Support Vector Machine, using a weighting approach
to manage the information imbalance between censored observations and event occurrences. This strategy can yield a
prognostic index that is easily categorized into low-risk and high-risk groups.
Methods: This study proposes the Survival Weighted Least Squares Support Vector Machine (Surv-WLSSVM) model
through the integration of a weighting strategy based on the Kaplan–Meier estimator. Data with events are assigned weights
that consider the value of the survival function, while censored data are given constant weights. Surv-WLSSVM was applied
to both simulated and real datasets, and the results were compared with the unweighted method, namely Survival Least
Squares Support Vector Machine (Surv-LSSVM), Random Survival Forest (RSF) and Cox Proportional Hazard Regression
(CPHR). The simulation scenarios included the complexity of variable numbers, data distribution, sample size, and censoring
percentage. The Real datasets used in this study consist of Breastfeeding, PBC, and Bone-Marrow data. A tuning parameters
using Particle Swarm Optimization (PSO) was performed to enhance the performance of both Surv-LSSVM and Surv-
WLSSVM models. Model performance was evaluated using the concordance index (c-index), where a higher c-index
indicates a better model.
Results: In every simulated data setting, the Surv-WLSSVM model continuously showed better performance. Similarly,
on real datasets, this model outperformed the alternative and produced more diverse prognostic indices, facilitating the
categorization of individuals into low-risk and high-risk groups.
Conclusion: The Surv-WLSSVM represents a significant advancement in SVM-based survival modelling. This approach
demonstrates greater reliability and adaptability in handling the complexity of modern survival data. Model performance can
be further improved by incorporating a more appropriate weighting scheme for censored observations.

Keywords Prognostic index, Survival Weighted Least Squares Support Vector Machine (Surv-WLSSVM), Kaplan-Meier
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1. INTRODUCTION

The use of machine learning across various scientific fields has expanded rapidly in line with the increasing
complexity and volume of data, including in survival analysis, which requires more accurate and reliable
estimation of individual survival probabilities. To date, survival analysis remains one of the primary approaches
for addressing problems related to time-to-event outcomes. This approach is widely applied in medicine, industry,
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and economics [1, 2, 3, 4, 5, 6].

In the modern context, the growth in data volume, the diversity of individual characteristics, and high levels
of censoring have challenged the performance of conventional methods such as the Cox Proportional Hazards
Model. This method has led to the development of machine learning-based approaches, which are more flexible in
handling nonlinear relationships, feature interactions, and complex data distributions [2, 7].

Recent studies have demonstrated an increasing trend in the accuracy of survival models through the
implementation of machine learning algorithms such as Random Survival Forest (RSF), Artificial Neural
Network (ANN), and Support Vector Machine (SVM). RSF has been proven effective in predicting machine
failure and the survival of nasopharyngeal cancer [8, 9, 10]. ANN models, including DeepSurv, Cox-nnet, and
Nnet-survival, have shown superior performance compared to conventional methods [11, 12, 13, 14].

Meanwhile, SVM has been applied to predict the survival of breast cancer and brain cancer patients by
estimating survival functions, hazard rates, and other reliability measures, producing accurate and stable
predictions [15, 16]. The development of SVM is recommended to enhance survival analysis due to its advantages
over other methods. This method excels in handling data with constant or time-varying event risks [17].

The strength of SVM lies in its ability to handle high-dimensional data and nonlinear patterns [17, 18].
However, most SVM developments have not explicitly accounted for heterogeneous risk structures among
individuals, particularly between group censored and event data. Generally, survival data are imbalanced because
the proportion of censored data is typically higher than that of event data. This type of imbalance is observed
across multiple contexts, including cancer [3, 9, 19, 20, 21], chronic diseases [22, 23], and business failure [4, 24].
This condition may cause models to be overtrained on censored data, and thereby reducing their sensitivity to the
event group.

Several developments of Survival SVM have been proposed, one of which is the Survival Least Squares Support
Vector Machine (Surv-LSSVM) [25, 26, 27]. However, most existing models have not optimally addressed the
differences in contributions between censored and event data. Weighted SVM approaches for survival analysis
have been suggested [17], but no research has yet integrated them into the Surv-LSSVM framework, particularly
for high-dimensional data with varying censoring levels. Furthermore, the types of weighting used in previous
studies remain limited. To date, no studies have evaluated the use of the Kaplan-Meier estimator as a weighting
function in Survival SVM. This research gap motivates the development of the Survival Weighted Least Squares
Support Vector Machine (Surv-WLSSVM), which integrates Surv-LSSVM with Kaplan-Meier-based weighting.

The novelty of this study lies in the integration of weights derived directly from data through the Kaplan-
Meier estimator, enabling individuals with higher event risk to contribute more significantly during model training.
This approach makes the model more adaptive to imbalanced risk structures, improves prediction accuracy, and
ensures robustness to varying censoring levels. Model performance evaluation was conducted by comparing
Surv-LSSVM and Surv-WLSSVM on both simulated and real datasets, with simulation scenarios that considered
variations in data distribution, data dimension, and censoring percentage. Model quality was assessed using the
concordance index (c-index), where higher values indicate better predictive performance.
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2. LITERATURE REVIEW

2.1. Kaplan-Meier Survival Analysis

Several statistical approaches have been used to optimize the performance of survival analysis, including the
nonparametric Kaplan-Meier approach, the semiparametric Cox Proportional Hazards Regression, and the
Parametric Linear Regression. Approaches to improve the predictive accuracy of survival analysis have also
evolved with the modification of several machine learning methods, such as gradient boosting and support vector
machines.

The Kaplan-Meier estimator, as a nonparametric approach, remains one of the most widely used methods,
particularly in health-related applications [10, 21, 28]. The characteristics of the Kaplan-Meier estimator are as
follows: (a) time intervals are often unequal, and calculations are performed at each failure, and (b) the survival
function for a given time interval is the proportion of the number of surviving subjects at the beginning of the
interval minus the number of failures within that interval. Mathematically, the Kaplan-Meier estimator is given by
Equation (1):

Ŝ(t) =
∏
ti≤t

(
Ni−1 − di

Ni−1

)
(1)

where
Ŝ(t) : probability that an individual survives longer than time t
ti : time at which the event occurs
Ni−1 : number of individuals at risk at time ti
di : number of events at time ti

The number of censorings or withdrawals is not included in the Kaplan-Meier estimation. The Kaplan-
Meier estimator is commonly used to directly estimate the survival function, verify events within each group over
a specific period, and test differences between groups [21, 29].

2.2. Cox Proportional Hazard Regression

Survival data modeling using the Cox Proportional Hazard Regression (CPHR) model is a semi-parametric
approach that can be employed to describe the relationship between a survival time response variable and one
or more predictor variables. The general form of the Cox Proportional Hazard model is expressed as follows:

h(t|X) = h0(t) exp(βX) (2)

For covariate variables (X), the model can be written as:

hi(t) = h0(t) exp(β1x1 + β2x2 + · · ·+ βpxp) (3)

where:

• hi(t) : hazard function for the i-th individual

• h0(t) : baseline hazard

Stat., Optim. Inf. Comput. Vol. x, Month 202x



RAHMAWATI, THAMRIN, LAWI, KUSUMA 3

• β1, β2, . . . , βp : regression coefficient

• x1, x2, . . . , xp : covariates

The measure used to quantify the relative risk between individuals is known as the Hazard Ratio (HR).

The Cox proportional hazards model is the standard technique widely applied to analyze data with failure-
time endpoints by incorporating multiplicative interactions between binary variables. However, in small-sample
studies, the use of such standard statistical techniques may lead to bias due to limited sample size or low
statistical power, particularly in biomarker data [30, 31]. To date, the CPHR model remains one of the most
commonly used methods [32, 33] and holds strong potential for further development through machine learning-
based approaches [33, 34, 35].

2.3. Random Survival Forest

The Random Survival Forest (RSF) is a modification of the traditional Random Forest (RF) algorithm specifically
designed to handle survival data. This method employs a machine learning approach based on decision trees to
analyze right-censored time-to-event data [36]. An ensemble of decision trees works collectively to model survival
data [37].

The implementation of the RSF algorithm consists of the following steps [38]:

1. Bootstrap sampling: Draw (S) bootstrap samples from the original dataset with replacement. Each bootstrap
sample is used to construct a survival tree. Typically, each bootstrap sample includes approximately 63% of
the original data, leaving out around 37%, referred to as Out-of-Bag (OOB) data.

2. Tree construction: Grow a survival tree for each bootstrap sample. At each node, randomly select (p)
candidate variables. The node is split using the variable that maximizes the survival difference between
the child nodes, incorporating survival time and censoring information.

3. Full tree growth: Grow each tree to its full size, with the constraint that each terminal node must contain at
least (d0 > 0) unique failure events.

4. Cumulative Hazard Function (CHF): Calculate the CHF for each tree, and then compute the ensemble CHF
by averaging the CHFs across all trees in the forest.

5. Prediction error estimation: Compute the prediction error of the ensemble CHF using the OOB data. This
prediction error is then used to determine variable importance.

Applications of the RSF algorithm have demonstrated superior performance in several areas, including survival
rate prediction and risk stratification of patients with gastric neuroendocrine neoplasms [39], early prediction of
Alzheimer’s disease [40], and survival analysis in cancer, diabetes, and kidney transplantation studies. These studies
have shown that RSF outperforms the Cox Proportional Hazard Regression (CPHR) model, providing accurate,
quantifiable, and interpretable risk estimates [32, 33, 36, 41].

2.4. SVM: Support Vector Machine

Support Vector Machine (SVM) was originally introduced as a classification method. Its high level of accuracy has
led to its application in many fields [42, 43, 44, 45]. The basic concept of SVM is solving an optimization problem
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that involves an objective function and constraints. Mathematically, for a dataset {(xi, yi)}ni=1, with xi ∈ Rd and
yi ∈ {−1, 1}, SVM solves the optimization problem with the objective function defined in Equation (4):

min
w,b,ξ

1

2
wTw + C

n∑
i=1

ξi (4)

subject to

yi(w
Tφ(xi) + b) ≥ 1− ξi, ξi ≥ 0, i = 1, 2, . . . , n.

where φ(·) is the mapping function into a high-dimensional feature space, C is the regularization parameter, and
ξi is the slack variable.

The SVM solution is obtained by solving a system of linear equations, replacing quadratic programming
through the application of kernel functions. Several kernel functions can be used, including the linear kernel,
Radial Basis Function (RBF), and polynomial kernels.

2.5. LS-SVM: Least Squares Support Vector Machine

The SVM method is a reliable and accurate approach and is capable of handling degradation disturbances
in classification problems [46]. One limitation of SVM is its high computational complexity due to quadratic
programming and its sensitivity to outliers, since only support vectors influence classification decisions [47]. As a
solution, the Least Squares Support Vector Machine (LS-SVM) was developed by modifying the SVM objective
function and constraints into a least-squares form. LS-SVM replaces the loss function with a quadratic form and
the constraints with equality expressions. The LS-SVM objective function is shown in Equation (5).

min
w,b,ξ

1

2
wTw +

1

2
C

n∑
i=1

ξ2i (5)

subject to yi(w
Tφ(xi) + b) = 1− ξi; i = 1, 2, . . . , n.

By applying Lagrangian multipliers and eliminating variables, the LS-SVM solution can be obtained by
solving a system of linear equations rather than quadratic programming, which is computationally more efficient
[44, 48], and also demonstrates improved performance [49].

2.6. WLS-SVM: Weighted Least Squares Support Vector Machine

The LS-SVM model assigns equal weights to all data points, making it sensitive to outliers or non-representative
data. To address this limitation, the Weighted Least Squares Support Vector Machine (WLS-SVM) was introduced.
This method incorporates a weight Bi for each data point, reflecting its relative importance in the learning process.
The mathematical formulation of WLS-SVM is:

min
w,b,ξ

1

2
wTw +

1

2
C

n∑
i=1

Biξ
2
i (6)

subject to yi(φ(xi)
Tw + b) = 1− ξi.

The weights Bi are often computed using robust techniques such as fuzzy clustering or kernel-based possibilistic
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c-means, such that outliers receive small weights and do not dominate the solution [19, 47].

The WLSSVM approach not only preserves the computational efficiency of LS-SVM but also improves the
model’s ability to handle noisy or outlier-contaminated data. Recent studies have shown that WLS-SVM excels in
describing complex data distribution trends, particularly when data exhibit heterogeneous distributional directions
[19, 50].
The application of both LS-SVM and WLS-SVM methods demonstrates that the models can be easily implemented,
provide excellent generalisation results, and incur relatively low computational costs [44, 45, 50, 51, 52, 53].
LS-SVM has been proven to be the most consistent in terms of accuracy, stability, and responsiveness to
preprocessing techniques [48]. However, in practice, the sparsity property is lost in LS-SVM, and support value
estimation is only optimal when the error variable follows a Gaussian distribution. Both of these issues can be
addressed through the weighting strategy in the WLSSVM method [54].

2.7. Kernel Functions in SVM

Kernel functions are a fundamental concept in SVM methods. A kernel K : X × X → R can be interpreted
as an inner product in a high-dimensional feature space, expressed as K(xi, xj) = ⟨φ(xi), φ(xj)⟩, xi, xj ∈ X .
Commonly used kernel functions include polynomial, sigmoid, and Radial Basis Function (RBF) kernels [55]:

Table 1. Types of Kernel Functions

Kernel Function Functional Form

Polynomial K(xi, xj) = (xT
i xj + θ)p

where p is a positive integer, θ ∈ R.

Sigmoid K(xi, xj) = tanh(αxT
i xj + θ)

where α ∈ R, and θ ∈ R.

RBF K(xi, xj) = exp

(
− ∥xi−xj∥2

2σ2

)
where σ > 0 is the kernel parameter.

The performance of SVM is highly dependent on the selection of two main parameters, namely the regularization
parameter C and the kernel parameter σ, particularly when using the RBF kernel function. Suboptimal parameter
selection can degrade the model’s generalization ability [56]. Parameter tuning in SVM is generally performed
using the grid search method. Alternative approaches that are more computationally efficient can also be applied
to ensure better solutions.

2.8. Surv-SVM: Survival Support Vector Machine

The SVM method for survival analysis is implemented on high-dimensional survival data. The basic concept of
Surv-SVM analysis is to determine a prognostic function. In the context of the Cox model, is this function serves
as a linear predictor that forms a mathematical framework for modelling the relative risk (hazard ratio) based on
covariates. When this function is evaluated on the data of a specific individual, it yields a numerical value called
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the prognostic index. This index reflects the individual’s relative log-hazard, providing a risk score that can be
used for risk group stratification and further analysis [57].

The prognostic function is generally used to predict the future outcome or progression of a condition based
on currently available data or information. This term is often used in the medical field to estimate the potential
outcomes of a disease [10, 12, 58]. Mathematically, the prognostic function in the Surv-SVM model is defined as
a function u : Rd → R, which in matrix form is given in Equation (7):

u(x) = wTφ(x) (7)

where w is the parameter vector and φ(x) is a transformation of the covariate variables x [25, 26, 27, 59].

Given a dataset D = {(xi, ti, δi)} with xi, ti, and δi representing the predictor variables, survival time, and
censoring status of the i-th subject, respectively, the support vector machine model for survival analysis is
expressed as follows:

min
w,ξ

1

2
wTw +

1

2
C
∑
i

∑
i,j

rijξij ;C ≥ 0 (8)

subject to the constraint wTφ(xj)−wTφ(xi) ≥ 1− ξij ; ∀i < j
where rij is defined as:

rij =

{
1; (ti < tj , δi = 1)

0; (ti ≥ tj , δi = 0)

which serves as the comparison indicator between the i-th object (xi, ti, δi) and the j-th object (xj , tj , δj) [25, 26].

2.9. Surv-LSSVM: Survival Least Square Support Vector Machine

The Surv-LSSVM model is an extension of survival analysis using the LS-SVM method. The objective function
and the constraint function of the Surv-LSSVM model are as follows:

min
w,ξ

1

2
w⊤w +

1

2
C

n∑
i=1

n∑
i<j

rij ξ
2
ij (9)

with the corresponding constraint wTφ(xj)−wTφ(xi) ≥ 1− ξij ; ∀i < j.

The solution to this equation is obtained by using a linear approach in solving the KKT (Karush–Kuhn–Tucker)
system. This system is a generalization of the Lagrange method for solving optimization problems with equality
and inequality constraints [27, 59].

The prognostic function of the Surv-LSSVM model is shown in Equation (10):

u = αTDKn(x) (10)
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where α = (CDKDT + I)−1C1, C is the regularization parameter, matrix D has elements {-1,0,1}, which are
defined such that they satisfy the following equation:

DX =


x1 − x2

...
x1 − xn

...
xn−1 − xn

 (11)

with X = (x1, x2, . . . , xn)
T and D of dimension m× n, where m is the number of comparable objects and n is

the number of observed objects [59, 25].

The matrix K is an n× n kernel matrix, each element of which contains the kernel function value between
individual i and j, denoted as K(xi,xj) = exp(−∥xi − xj∥2/2σ2).

I is an n× n identity matrix, and 1 is an n× 1 column matrix with all elements equal to 1.

2.10. Tuning Parameters using Particle Swarm Optimization

Recent studies have proposed parameter tuning processes using a metaheuristic approach based on the Particle
Swarm Optimization (PSO) algorithm. This method is a population-based algorithm that mimics the behavior of
a swarm in finding the optimal location within the search space. In the context of SVM parameter tuning, PSO is
employed to find the pair (C, σ) that minimizes the error function of the SVM model [60].

The use of the Particle Swarm Optimization algorithm to tune parameters in the SVM model with an RBF
kernel has been shown to produce more accurate and efficient predictive models compared to SVM without
automatic tuning [45]. This approach avoids bias due to fixed parameters and enhances the model’s ability to adapt
to the complexity of the data.

PSO has gained popularity in various studies due to its fast convergence speed, low computational cost,
and flexibility in handling different types of objective functions in both statistical and machine learning models
[55]. Moreover, PSO is capable of solving nonlinear optimization and complex parameter adjustment problems,
consistently providing more stable and superior solutions compared to classical numerical methods or genetic
algorithms [61, 62, 63].

The basic concept of the PSO algorithm is inspired by the social behavior of animals such as bird flocks.
The search begins with a random population called particles, each having a velocity that is continuously updated.
The velocity of each particle is based on both individual and collective best experiences, gradually moving toward
better solutions [62].

The steps of the PSO algorithm are described as follows:

1. Initialize particles and their velocities in a swarm.

2. Evaluate particles by comparing fitness values, which are used to determine the Global best (Gb) and Personal
best (Pb).

3. Update Pb by comparing its value before and after an iteration; if the new particle’s fitness is higher than the
previous Pb, then it becomes the new Pb.
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4. Determine Gb as the best particle among all members of the swarm, i.e., the particle with the highest fitness
value.

5. Update the velocity of each particle:

vt+1
i = θvti + λτ1[Pb − zti ] + βτ2[Gb − zti ] (12)

vt+1
i : new velocity
vti : initial velocity, defined as 0 at t = 0
θ : inertia weight, constant, typically 0.5 ≤ θ ≤ 0.9
τ1 and τ2 : random numbers in the interval [0, 1]
λ and β : acceleration coefficients, commonly λ ≈ β ≈ 2
Pb : Personal best
Gb : Global best

6. Update the particle position using zt+1
i = zti + vt+1

i .

7. Repeat step 2 until the fitness reaches a sufficiently good value or the predefined maximum iteration is met.

The inertia weight controls the influence of the previous velocity on the current velocity and plays an important
role in PSO as it regulates the balance between local and global exploration [63]. As iterations proceed, the swarm
model is strategically guided to focus the search on high-quality regions of the solution space [61]. Each particle
moves within the solution space with the ability to recall and preserve its best previous position across iterations.
This working mechanism makes the PSO algorithm more adaptive and efficient.

2.11. Concordance Index

The concordance index, commonly denoted as the c-index, is an evaluation metric used to measure the predictive
ability of models in time-to-event data, particularly in survival analysis. The c-index assesses how well a model
can predict the correct ordering of event times, while taking censored data into account.

Survival data often contain censored individuals, meaning that the event time is unknown for some cases.
As a result, pairs involving censored individuals cannot be compared if their event order cannot be determined.
Therefore, the c-index is designed to address this issue by considering only comparable pairs [25, 26].

c-index =

∑n
i=1

∑n
j=1 rijI(u(xj) > u(xi))(tj − ti) > 0)∑n

i=1

∑n
j=1 vij

(13)

where I is the indicator function, u(x) is the prognostic index, and t is the survival time.

2.12. State-of-the-Arts

Several previous studies have shown that survival analysis has undergone significant model development. Machine
learning approaches have become popular and proven to improve the performance of survival analysis. This study
proposes the development of survival analysis using the Weighted Least Square Support Vector Machine. Related
studies are summarized as follows.

1. Studies on the application of SURLS-SVM demonstrated that this method can overcome the limitations of
the Cox PHM, as it does not require the proportional hazards assumption, and it produces a higher c-index
in both simulated and clinical data [27].
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2. Research on A-SURLSSVM provided empirical evidence that this new LSSVM variant consistently
outperformed the Cox model in both simulated and clinical datasets, although its performance decreased
when the censoring percentage was high [26].

3. Further studies on the development of SVM for survival data provided a theoretical basis for the suitability of
SVM for high-dimensional data and recommended the use of weighting strategies for censored observations
[17].

4. Research on principal WLSSVM showed that WLSSVM is flexible and can be extended to various domains,
including survival analysis, thereby strengthening the foundation for the development of WLSSVM-based
models [50].

5. Papers on WLSSVM provided an important methodological basis for Surv-WLSSVM, demonstrating its
ability to capture complex data structures, computational efficiency, and the potential of using weights to
address censoring [19].

6. Studies on censored patients in Kaplan–Meier analysis revealed bias due to informative censoring, supporting
the need to integrate weights into survival models to produce more accurate estimates [64].

Figure 1 presents the State-of-the-Art diagram of the research, which illustrates the foundation for the development
of the Surv-WLSSVM method. Based on this review, it can be concluded that the development of Support

Figure 1. State-of-the-Art Diagram of the Study

Vector Machine-based methods, particularly Surv-WLSSVM, shows strong potential for superior performance.
This method not only addresses limitations of assumptions and handles high-dimensional data, but also provides
more accurate survival estimates across various scenarios. Nevertheless, further exploration remains necessary,
especially in the selection of parameters and handling datasets with varying levels of censoring. Therefore, further
research on Surv-WLSSVM is essential to broaden its application to both clinical and more complex simulated
data.

3. Research Methods

3.1. Data Sources

This study utilizes two types of data sources, namely simulated data and real-world data. Simulated data are
generated to replicate the characteristics of real data, particularly in terms of the number of predictor variables. The
use of simulated data aims to systematically evaluate the performance of the model. Through simulation, various
scenarios are constructed with variations in the number of variables, sample sizes, and censoring rates to assess the
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consistency of model performance. The selection of the number of variables and sample size in the simulated data
is based on several key considerations. The characteristics and number of variables are designed to mimic real-
world data conditions, ensuring that the analysis results are relevant and representative of actual situations. The
sample size (n) is varied to reflect studies with small, medium, and large datasets, allowing model performance
to be evaluated across different data scales. Additionally, the percentage of censored cases is determined based on
empirical data to assess model performance under low, moderate, and high censoring levels. This approach ensures
that the simulated data accurately capture the variability and complexity typically encountered in survival studies.

Table 2. Distribution of simulated data variables

Dataset Variables Distribution Parameters

12
variables

X1, X2, X3, X4 N(µ, σ2) µ1 = 45, µ2 = 50, µ3 = 55, µ4 = 60,
σ2
1 = 2, σ2

2 = 4, σ2
3 = 6, σ2

4 = 8

X5, X6, X7, X8, X9 Poisson(λ) λ5 = 2, λ6 = 3, λ7 = 4, λ8 = 5, λ9 = 6

X10, X11, X12 Binomial(s, p) s10 = s11 = s12 = 1, p10 = 0.2, p11 =
0.3, p12 = 0.4

17
variables

X1, X2, X3, X4 N(µ, σ2) µ1 = 45, µ2 = 50, µ3 = 55, µ4 = 60,
σ2
1 = 2, σ2

2 = 4, σ2
3 = 6, σ2

4 = 8

X5, X6, X7, X8, X9 Poisson(λ) λ5 = 2, λ6 = 3, λ7 = 4, λ8 = 5, λ9 = 6

X10, X11, X12, X13 Binomial(s, p) s10 = s11 = s12 = s13 = 1, p10 =
0.2, p11 = 0.3, p12 = 0.4, p13 = 0.5

X14, X15, X16, X17 Γ(α, β) α14 = α15 = α16 = α17 = 2, β14 =
0.2, β15 = 0.4, β16 = 0.6, β17 = 0.8

35
variables

X1, X2, X3, X4, X5, X6, X7 N(µ, σ2) µ1 = 45, µ2 = 50, µ3 = 55, µ4 = 60, µ5 =
65, µ6 = 70, µ7 = 75, σ1 = σ2 = 2, σ3 =
σ4 = 4, σ5 = σ6 = 6, σ7 = 8

X8, X9, X10, X11, X12, X13, X14 Poisson(λ) λ8 = 2, λ9 = 3, λ10 = 4, λ11 = 5, λ12 =
6, λ13 = 7, λ14 = 8

X15, X16, X17, X18, X19, X20, X21 Log
Normal(µl, σ

2)
µ15 = 0, µ16 = 0.1, µ17 = 0.2, µ18 =
0.3, µ19 = 0.4, µ20 = 0.5, µ21 = 0.6, σ15 =
σ16 = σ17 = σ18 = σ19 = σ20 = σ21 = 1

X22, X23, X24, X25, X26, X27, X28 Binomial(s, p) s22 = s23 = s24 = s25 = s26 = s27 =
s28 = 1, p22 = 0.2, p23 = 0.3, p24 =
0.4, p25 = 0.5, p26 = 0.6, p27 = 0.7, p28 =
0.8

X29, X30, X31, X32, X33, X34, X35 Γ(α, β) α29 = α30 = α31 = α32 = α33 = α34 =
α35 = 2, β29 = 0.1, β30 = 0.2, β31 =
0.3, β32 = 0.4, β33 = 0.5, β34 = 0.6, β35 =
0.7

.
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In this study, the performance of the Surv-WLSSVM model with weighting is compared to the Surv-LSSVM
model without weighting. The performance of both models is measured using the c-index, where a larger c-index
indicates better model performance. This approach provides a strong foundation before applying the model to
more complex real datasets. The number of variables in the simulated data mirrors the number of variables in the
real data used in this study. Simulated data are generated from specific distributions. Variations in the number
of variables consist of 12, 17, and 35 variables, with sample sizes of 100, 300, 500, and 1000, respectively.
Furthermore, variations in the proportion of censored data range from 10%, 20%, up to 90% of the total data. In
total, 108 simulated datasets were generated for this study.

The simulated data in this study employ survival times generated from a Weibull distribution, while censoring
status is randomly generated as 0 or 1. The predictor variables are generated from specific distributions as
described in Table 2.

The Surv-LSSVM and Surv-WLSSVM models are applied to simulated data by randomly generating several
combinations of censored-to-event ratios, ranging from 10% : 90%, 20% : 80% up to 90% : 10%. Model
performance for each simulated dataset is evaluated using the c-index.

Furthermore, the real-world datasets used in this study comprise Breastfeeding, PBC, and Bone-Marrow data,
each containing 12, 17, and 35 predictor variables, respectively. The characteristics of these predictor variables
are constructed using distributions such as the normal, Poisson, binomial, log-normal, and gamma. The three real-
world datasets are described as follows:

1. Breastfeeding Data: consists of 12 variables and 718 individuals. This dataset records breastfeeding
practices by mothers since childbirth, obtained from the Indonesian Family Life Survey wave 5 (IFLS-5)
and available at https://www.rand.org. After preprocessing, the dataset contains 718 individuals. It
includes both response and predictor variables. The response variable represents the duration of exclusive
breastfeeding since birth. Mothers who introduced water, other foods, or weaned their infants before six
months are considered as experiencing an event, while mothers who exclusively breastfed for a full six
months are categorized as censored data [65].

2. PBC: The Primary Biliary Cholangitis (PBC) dataset comprises 17 predictor variables and 258 individuals.
PBC is a progressive chronic liver disease primarily affecting the small intrahepatic bile ducts. Progressive
damage leads to impaired bile flow, inflammation, and eventually cirrhosis. In advanced stages, the disease
results in liver failure and death if untreated, with liver transplantation often being the only life-saving therapy
[66]. In this dataset, patients who died during the study are classified as events, while patients who survived
without transplantation until the end of the study are considered censored.

3. Bone Marrow: consists of 35 variables and 182 individuals. The event status corresponds to patients who
died during the study, while the censored status corresponds to patients who survived until the end of the
study. Bone marrow is a soft tissue located within the cavities of bones and serves as the primary site of blood
cell production. With ageing, changes in blood cell composition and immune responses occur, increasing
susceptibility to age-related hematologic conditions such as anaemia, immunodeficiency, and hematologic
malignancies [67].

The evaluation of Surv-WLSSVM performance on both simulated and real-world datasets aims to demonstrate the
model’s robustness under varying levels of data complexity. Model performance is measured using the c-index,
where higher values indicate better performance.
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3.2. Research Workflow

This study was conducted through structured stages to achieve the research objectives effectively. The steps include
problem identification and formulation of the weighted Surv-LSSVM development, referred to as Surv-WLSSVM.
The model was implemented on both simulated and real-world datasets. Implementation involved parameter tuning
using the PSO algorithm and calculating the c-index. A comparison of the performance between Surv-WLSSVM,
Surv-LSSVM, RSF and CPHR was then carried out based on c-index evaluation. The final stage involved drawing
conclusions and discussing directions for future research.

The research workflow is outlined as follows:

1. Generation of simulated data consisting of three categories with 12, 17, and 35 predictor variables,
respectively. The sample sizes considered are 100, 300, 500, and 1000. The censoring proportions range
from 10%, 20%, up to 90%, resulting in a total of 108 datasets. This design aims to mimic realistic survival
data with diverse characteristics.

2. Implementation of the model on simulated data to evaluate the performance of the Surv-WLSSVM model
using Kaplan–Meier based weighting for event observations and several constant weighting schemes for
censored observations. The model implementation consists of the following steps:

(i) Solving the mathematical formulation of the Surv-WLSSVM model.

(ii) Computing weights for event observations using the Kaplan–Meier estimator.

(iii) Determining constant weights for censored observations through simulations using several values,
namely 0.1, 0.25, 0.5, and 0.75.

(iv) Tuning the parameters of the Surv-WLSSVM and Surv-LSSVM models using the PSO algorithm.

(v) Evaluating the c-index; the weight pair in step (iii) that yields the highest c-index is selected as the
weighting scheme for the model.

3. Comparison of the Surv-WLSSVM, Surv-LSSVM, RSF, and CPHR models to assess the relative
performance of the weighted Surv-WLSSVM against the unweighted Surv-LSSVM and two commonly used
survival analysis methods, RSF and CPHR.

4. Application of the models to real data, including parameter tuning using the PSO algorithm. The optimal
parameters are determined, and the trends of the parameters and resulting c-index values are described.

5. Comparison of Surv-WLSSVM, Surv-LSSVM, RSF, and CPHR models on real data to identify the best-
performing model based on the highest observed c-index.

6. Drawing conclusions and interpreting the performance of the Surv-WLSSVM model constructed using the
Kaplan–Meier–based weighting estimator.

In general, the research workflow is presented in Figure 2.

Parameter tuning in Surv-WLSSVM is a fundamental step that significantly influences prediction accuracy. The
use of the PSO algorithm aims to select the optimal regularization parameter C and kernel parameter σ, i.e.,
the parameter values that maximize the c-index. In the PSO algorithm, each particle in the swarm represents a
candidate solution in the form of a parameter pair (C, σ).

The specific steps of the PSO algorithm for tuning parameters C and σ in Surv-WLSSVM are described as follows:
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Figure 2. Research Flowchart

1. Input survival data D = {(xi, ti, δi)}

2. Initialize the initial position of particles zi = (Ci, σi) with velocity vi = (vCi
, vσi

)

3. Identify Pbi = (C∗
i , σ

∗
i ) and Gb = (C∗, σ∗)

4. Update particle velocity and position using the updating equation:
Particle velocity:

vt+1
c = θvtc + λτ1[C

∗
i − Ct

i ] + βτ2[C
∗ − Ct

i ] (14)

vt+1
σ = θvtσ + λτ1[σ

∗
i − σt

i ] + βτ2[σ
∗ − σt

i ] (15)

where the inertia weight θ is set within the range of θ ≈ 0.5 ∼ 0.9, τ1 and τ2 are random numbers drawn
from the interval [0, 1], and the acceleration coefficients λ and β are typically assigned λ ≈ β ≈ 2.

Particle position:

The position of each particle is updated using the following equations:

Ct+1
i = Ct

i + vt+1
c (16)

σt+1
i = σt

i + vt+1
σ (17)

where Ct
i and σt

i represent the position parameters of the i-th particle at iteration t, and vt+1
c and vt+1

σ denote
the updated velocity components.

5. Evaluate fitness with the following steps:

(i) Compute the matrix D(m×n)

(ii) Compute the kernel matrix K(n×n) using the RBF kernel function and kernel parameter σt+1
i obtained

in step 4

(iii) Compute the weight matrix using the Kaplan–Meier estimator as shown in Equation (1)

(iv) Compute the matrix α
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(v) Compute the prognostic index u

(vi) Compute the c-index using Equation (13)

6. Repeat iterations from steps 2–5, continuously updating particle positions based on c-index evaluation
results. Iterations stop when the maximum number of iterations is reached, or when there is no significant
improvement in c-index.

The PSO algorithm efficiently optimizes the parameters of Surv-WLSSVM through adaptive exploration and
exploitation in the parameter space. Evaluation based on the c-index ensures that the resulting parameters not
only minimize prediction errors but also improve the predictive ranking accuracy of the survival model.

4. RESULTS

4.1. The Resulted Models

WLS-SVM is an extension of traditional SVM that introduces weights to the training data in order to assign higher
priority to certain data considered more important or with higher confidence values. The basic idea of WLS-SVM is
to minimise a loss function that accounts for the varying weights of the data. The objective function in WLS-SVM
consists of two main components: (i) the error term, which measures the discrepancy between the model prediction
and the actual values, and (ii) the regularisation term, which minimises model complexity. The objective function
and constraints of the SURV-WLSSVM model are given in Equation (18):

min
w,ξ

1

2
wTw +

1

2
C

n∑
i=1

n∑
j=1

rijBijξ
2
ij (18)

subject to

wTφ(xj)−wTφ(xi) = 1− ξij , ∀i, j = 1, 2, . . . , n.

Bij represents the weight component for the i-th object (xi, ti, δi) and the j-th object (xj , tj , δj) that can
be compared. The weighting scheme is based on the Kaplan-Meier estimator, which considers the survival
function defined in Equation (1). Based on the indicator rij defined earlier, the assigned weight is the survival
function value of the j-th object.

To obtain the optimal parameter values, the Lagrangian function is constructed as follows:

L(w, ξ;α) =
1

2
wTw +

1

2
C

n∑
i=1

n∑
i<j

rijBijξ
2
ij −

n∑
i=1

n∑
j=1

αij(w
Tφ(xj)−wTφ(xi)− 1 + ξij) (19)

where αij are Lagrange multipliers. The Lagrangian function is differentiated with respect to w, ξ, and α, yielding
the following results:

∂Lp

∂w
= 0 → w −

n∑
i=1

n∑
i<j

αij(φ(xj)− φ(xi)) = 0 → w =

n∑
i=1

n∑
i<j

αij(φ(xj)− φ(xi)) (20)
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∂Lp

∂ξij
= 0 → C

n∑
i=1

n∑
i<j

rijBijξij −
n∑

i=1

n∑
i<j

(−αij) = 0 → αij = −CrijBijξij (21)

∂Lp

∂α
= 0 → −

n∑
i=1

n∑
i<j

(
wT (φ(xj)− φ(xi))− 1 + ξij

)
= 0

→
n∑

i=1

n∑
i<j

(
1 + ξij −wT (φ(xj)− φ(xi))

)
= 0

(22)

The parameters w and ξij are rewritten as follows:

wT =

[
n∑

i=1

n∑
i<j

αij(φ(xj)− φ(xi))

]T

(23)

and
ξij = − αij

CrijBij
(24)

Substituting Equations (23) and (24) into Equation (22) yields

n∑
i=1

n∑
i<j

(
1 + ξij −wT (φ(xj)− φ(xi))

)
= 0

⇔
n∑

i=1

n∑
i<j

1−
n∑

i=1

n∑
i<j

αij

CrijBij
−


[

n∑
i=1

n∑
i<j

αij

(
φ(xj)− φ(xi)

)]T

(φ(xj)− φ(xi))

 = 0

(25)

If each term is multiplied by CrijBij , we obtain:

C

n∑
i=1

n∑
i<j

rijBij −
n∑

i=1

n∑
i<j

αij − C

n∑
i=1

n∑
i<j

rijBij


[

n∑
i=1

n∑
i<j

αij

(
φ(xj)− φ(xi)

)]T

(φ(xj)− φ(xi))

 = 0

⇔ C

n∑
i=1

n∑
i<j

rijBij =

n∑
i=1

n∑
i<j

αij + C

n∑
i=1

n∑
i<j

rijBij


[

n∑
i=1

n∑
i<j

αij

(
φ(xj)− φ(xi)

)]T

(φ(xj)− φ(xi))

 = 0

(26)

rij is an indicator of whether two individuals are comparable. To facilitate the computation of the prognostic index
for each object, the expression is reformulated in matrix form. In Equation (25), the left-hand side can be expressed
as in Equation (27).

C

n∑
i=1

n∑
i<j

rijBij = C(r12B12 + r13B13 + . . .+ r(m−1)mB(m−1)m) = CB(m×m)1(m×1) (27)

where m is the number of comparable individuals. Next, the right-hand side involves summations with the identity
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matrix so that the resulting matrix is square. For consistency, matrix dimensions must match. The first term on the
right-hand side of Equation (25) is expressed as:

n∑
i=1

n∑
i<j

αij =


1 0 0 · · · 0
1 0 0 · · · 0
0 1 0 · · · 0
...

...
...

. . .
...

0 0 0 · · · 1




α12

α12

...
α(n−2)n

α(n−1)n

 = I(m×m)α(m×1) (28)

The second term on the right-hand side of Equation (25) is given in Equation (29)

C

m−1∑
i=1

m∑
j=i+1

rijBij = Cr12B12 + Cr13B13 + · · ·+ Cr(m−1)mB(m−1)m

= C


r12 0 · · · 0
0 r13 · · · 0
...

...
. . .

...
0 0 · · · r(m−1)m



B12 0 · · · 0
0 B13 · · · 0
...

...
. . .

...
0 0 · · · B(m−1)m



⇔ C

m−1∑
i=1

m∑
j=i+1

rijBij = C


B12 0 · · · 0
0 B13 · · · 0
...

...
. . .

...
0 0 · · · B(m−1)m

 = CB(m×m)

(29)

where B is a diagonal matrix with weight elements defined such that for each comparable pair of objects (ti, δi, xi)
and (tj , δj , xj), Bij is assigned a constant value for censored data (δj = 0) and Bij = S(tj) for event data (δj = 1),
where S(t) is defined in Equation (1).

Several algebraic manipulations in matrix form are performed to obtain the prognostic index of each individual in
the dataset. The matrix form of Equation (25) can be expressed as follows:

C

n∑
i=1

n∑
i<j

rijBij =

n∑
i=1

n∑
i<j

αij + C

n∑
i=1

n∑
i<j

rijBij


[

n∑
i=1

n∑
i<j

αij

(
φ(xj)− φ(xi)

)]T

(φ(xj)− φ(xi))

 = 0

⇔ CB1 = I+ CB(αTDKTDT )T

⇔ CB1 = Iα+ CBDKDTα

⇔ CBDKDT + Iα = CB1

⇔ (CBDKDT + I)α = CB1

⇔ α = (CBDKDT + I)−1CB1 (30)

The matrix forms of D, K, and B used in Equation (30) are described as follows:

• The matrix D has elements {−1, 0, 1}, defined in Equation (11).
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• The matrix K is an n× n kernel matrix where each element contains the kernel function value of the i-th
and j-th individuals, given as K(xi, xj) = exp(−||xi − xj ||2/2σ2).

• The weight matrix B is constructed based on the Kaplan-Meier estimator. For individuals with comparable
survival times, the weights Bij are constant for censored status and Bij = S(tj) for event status, where S(t)
is defined in Equation (1).

In survival analysis, events occurring at longer times are typically less frequent. The model must assign greater
importance to events since they carry crucial information for long-term survival estimation. The Kaplan-Meier-
based weighting strategy for event status is designed to adjust the contribution of each event according to its
survival probability up to time t.

For censored data, the exact event time is unknown; the only available information is that the subject survived up
to time t, with no information on when the event will occur. Hence, this data provides partial information and its
contribution to the model should not be ignored (weight not equal to 0). However, censored status should not be
assigned a large weight due to the uncertainty of the event outcome.

The dimensions of the matrices used in Equation (30) are α(m×1), B(m×m), D(m×n), K(n×n), I(m×m),
and 1(m×1).

The prognostic index is then defined as:

û(x∗) =

n∑
i=1

n∑
j=1

α̂ij(ϕ(xj)− ϕ(xi))
Tϕ(x∗)

=

n∑
i=1

n∑
j=1

α̂ij(ϕ(xj)− ϕ(xi))
Tϕ(x∗)

= α̂TDK(x∗) (31)

In general, the prognostic function of the Surv-WLSSVM model appears similar to the Surv-LSSVM model, with
the distinction lying in the matrix α, which incorporates the weight matrix B. The inclusion of weights in the
Surv-WLSSVM model makes it more complex, specifically through the construction of the weight matrix, which
in this study is derived from the Kaplan-Meier survival function.

4.2. Model Implementation on Simulated Data

The simulated data used in this study consist of three datasets with 12, 17, and 35 variables, respectively.
These datasets were generated from data following certain probability distributions. Survival times follow
a Weibull distribution, censoring status is generated from random numbers 0 and 1, and predictor variables
follow various distributions, including normal, Poisson, binomial, log-normal, and gamma. The performance
of the Surv-WLSSVM model was evaluated on both small and large sample sizes, namely 100, 300, 500, and 1000.

A comparison between the Surv-LSSVM and Surv-WLSSVM models was conducted to evaluate model
performance with and without weighting, where weighting in this study was based on the Kaplan-Meier estimator.

The c-index value serves as the indicator of model goodness, applied to each dataset with censoring percentages
ranging from 10%, 20%, up to 90% of the specified sample sizes. In survival analysis, a high level of censoring
often poses a major challenge as it can reduce estimation efficiency and weaken statistical power. In general, a
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censoring proportion below 20% is considered low, while 20–40% is still regarded as common in medical studies.
However, when the proportion of censored observations exceeds 50%, this condition is typically classified as
high censoring, which may introduce bias and increase the uncertainty of the analytical results [68, 69]. Several
simulation studies have even employed censoring scenarios of 60–70% to represent extreme situations that are
frequently encountered in clinical data with limited follow-up periods. Weighting based on the Kaplan–Meier
estimator accounts for the weights assigned to event data. Censored observations are assigned a constant weight;
however, choosing an excessively large weight reduces the contribution of event observations, which contain
complete survival information. Conversely, assigning a very small or zero weight causes the model to ignore
information from censored data. The selection of the censored-data weight was performed by evaluating several
candidate values that represent high, moderate, and low weighting levels. The results of this simulation study are
presented in Figure 3.

(a) 12 variables

(b) 17 variables

(c) 35 variables

Figure 3. c-index with censored data weighting

Figure 3 presents a comparison of the performance of the Surv-WLSSVM model under various weighting schemes
for censored data. The model employs the Kaplan-Meier survival function S(t) as the weight for observed event
data and combines it with four constant weights for censored observations, namely of 0.1, 0.25, 0.5, and 0.75. The
analysis results indicate that using smaller weights for censored data, particularly B = 0.1, tends to yield slightly
higher c-index values compared to other weighting schemes across most scenarios. The performance differences
among the four weighting schemes were not statistically significant, suggesting that variations in the constant
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weight assigned to censored data do not substantially affect model accuracy. The Kaplan–Meier–based weighting
strategy with varying constant weights produces comparable outcomes, indicating that the choice of constant
weight for censored data can be adjusted flexibly without compromising the predictive quality of the model.

Parameter tuning in the model was performed using the Particle Swarm Optimization (PSO) algorithm,
which searches for the optimal parameter values within the range [0.001 ; 1]. The application of the model across
different sample sizes shows a consistent increase in c-index values from datasets with low to high censoring
percentages.

The performance of the Surv-WLSSVM model compared with Surv-LSSVM, RSF, and CPHR is presented in
Figure 4.

(a) 12 variables

(b) 17 variables

(c) 35 variables

Figure 4. Comparison of c-index for Surv-WLSSVM, Surv-LSSVM, RSF, and CPHR models

Figure 4 presents a comparison of the concordance index (c-index) values for four survival analysis methods: Surv-
WLSSVM, Surv-LSSVM, RSF, and CPHR, evaluated across different numbers of variables (12, 17, and 35) and
sample sizes (n = 100, 300, 500, and 1000). The weighting scheme applied in the Surv-WLSSVM model uses the
survival function value for observations that experienced an event, while a constant weight of B = 0.1 is assigned
to censored data.
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In general, the Surv-WLSSVM model demonstrates more stable and consistent performance compared to the other
methods, particularly at higher censoring levels. Its c-index values tend to increase with larger sample sizes and are
relatively less affected by the proportion of censored data. In contrast, the Surv-LSSVM, RSF, and CPHR models
exhibit greater fluctuations, especially in small samples (n = 100) and under high censoring conditions, indicating
higher sensitivity to information loss due to censoring. These results suggest that incorporating censored data
weighting based on the survival function improves the estimation accuracy of the relationship between predictor
variables and event time.

4.3. Model Implementation on Real Data

In addition to the implementation conducted on simulated data, model evaluation was also carried out on real
datasets to measure the performance of the Surv-LSSVM and Surv-WLSSVM methods. The testing was performed
on three datasets, namely Breastfeeding, PBC, and Bone Marrow. Each method was evaluated using the values
of parameters C and σ optimized through a PSO-based parameter tuning process, with the main performance
indicator being the c-index value, which represents the model’s accuracy in ranking event risks. Figure 5 provides
a description of the percentage of censored and event occurrences in the real datasets used in this study.

Figure 5. Percentage of censored data in real datasets

Figure 5 presents the distribution of the percentage between censored data and event occurrences across the three
datasets: Breastfeeding, PBC, and Bone Marrow. It can be seen that the Breastfeeding dataset has the highest event
proportion, at 77.08%, while only 22.92% of the data are censored. This indicates that most subjects in this dataset
experienced the observed event during the follow-up period. Similarly, the PBC dataset shows that 56.98% of the
data experienced an event, which is higher compared to the censored data of 43.02%.

The Bone Marrow dataset exhibits a relatively balanced distribution, with 55.49% censored data and 44.51%
events. This pattern reflects a comparable challenge in survival data processing, particularly in ensuring that the
model is not biased toward the dominance of censored data. The variation in proportions between censored and
event data across the three datasets highlights the necessity of selecting survival analysis methods capable of
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accommodating data imbalance and being flexible with event-time distributions.

Table 3 presents the performance of the Surv-WLSSVM, Surv-LSSVM, RSF, and CPHR models across three real
datasets. Higher c-index values indicate superior model performance.

Table 3. Comparison of c-index Across Three Datasets

Model Breastfeeding PBC Bone-Marrow

CPHR 0.03241650 0.22850679 0.28282828

RSF 0.22327682 0.13651884 0.50925932

Surv-LSSVM 0.73542757 0.77187466 0.82844666

Surv-WLSSVM 0.75200235 0.78948431 0.83803277

Both the CPHR and RSF models exhibit relatively low performance across the three datasets, particularly for the
Breastfeeding and PBC datasets, indicating that linear modeling or tree-based partitioning alone is insufficient to
capture the nonlinear structure and heterogeneity present in the survival data. The Surv-LSSVM model provides
a substantial improvement in performance for all datasets, achieving c-index values of 0.735 for Breastfeeding,
0.772 for PBC, and 0.828 for Bone-Marrow. The kernel-based approach used in Surv-LSSVM allows the model to
effectively capture nonlinear relationships between covariates and event risk—an aspect that cannot be optimally
addressed by the semi-parametric CPHR model. Moreover, the stable performance of Surv-LSSVM across datasets
with differing characteristics demonstrates its superior ability to handle variations in censoring rates, sample sizes,
and the complexity of covariate interactions.

The incorporation of a weighting scheme in Surv-WLSSVM yields the best performance across all datasets,
with c-index values of 0.752 (Breastfeeding), 0.789 (PBC), and 0.838 (Bone-Marrow). Weighting based on the
Kaplan–Meier survival function enables the model to reduce the influence of censored observations and adapt to
imbalances in information. These results show that integrating kernel methods with censoring-aware weighting
consistently enhances survival prediction accuracy compared to both the semi-parametric CPHR model and the
modern ensemble-based RSF model.

Censoring-based weighting may be considered to further improve Surv-WLSSVM performance. Assigning
constant weights to all censored observations is less optimal, and a sensitivity analysis is required to assess the
impact of weight selection on model performance. The use of constant weights does not adequately reflect the
differing levels of information contributed by early-censored versus late-censored observations.

This study employed the PSO algorithm to determine the optimal parameters. The tendencies of the regularization
parameter, kernel parameter, and c-index for each dataset are presented sequentially in Figure 6
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Figure 6. The Parameter Values of the Surv-WLSSVM Model for the Real Datasets

Based on Figures 6, the visualization results show relatively consistent patterns across all datasets. The parameter
C tends to converge more quickly within a certain range, indicating the model’s stability against variations in
C once the optimal regularization threshold is reached. In other words, once the model obtains a sufficient C
value to control complexity and regularization, further changes in C do not provide significant improvements in
performance. In contrast, the parameter σ exhibits more fluctuating and sensitive patterns, suggesting that kernel
selection strongly influences the model’s ability to capture the nonlinear structure of the data.

In the Breastfeeding dataset, the c-index reaches its maximum value at a relatively sharp parameter combination,
particularly with respect to changes in σ, while C shows stability after passing a certain point. A similar pattern
is observed in the PBC dataset, with broader fluctuations along the σ axis, indicating that more complex data
structures require more precise kernel adjustments. In the Bone Marrow dataset, although the area with high c-
index values appears broader, the fluctuations in σ remain dominant compared to C, again highlighting the rapid
convergence tendency of the regularization parameter.

These findings confirm that the parameter C is more stable and easier to regulate through the optimization process,
while σ requires broader exploration and higher precision due to its high sensitivity to the data distribution.
Therefore, the use of PSO-based optimization algorithms is highly effective in addressing complex and non-convex
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parameter dynamics as found in the Surv-WLSSVM model. This approach enables adaptation to the characteristics
of each dataset and contributes to improving the accuracy and generalization of the SVM-based survival analysis
model.

Weighting within the framework of Survival Least Squares Support Vector Machine is effective in enhancing the
accuracy of survival analysis models, particularly in more complex data situations. The fundamental difference
between Surv-LSSVM and Surv-WLSSVM lies in the objective function used and how each method handles the
characteristics of survival data. Surv-LSSVM treats all data equally without considering weighting. In contrast,
Surv-WLSSVM employs a weighting approach that enables the model to adjust the contribution of each data pair
based on its significance or risk level.

Regarding sensitivity to censored data, Surv-LSSVM tends to be less responsive because it does not directly
account for censoring variation during the learning process. On the other hand, Surv-WLSSVM is more sensitive
to data since the weighting mechanism can be adjusted, allowing pairs with stronger information or higher risk to
receive greater weights, while weaker or less informative pairs can have their influence minimized.

In terms of flexibility, Surv-LSSVM exhibits limitations because it applies uniform weights to all observation pairs,
making it less capable of capturing variations in data structure. In contrast, Surv-WLSSVM is more adaptive to
complex data through its weighting mechanism, which helps reduce the influence of weak pairs and enhances
the stability of risk ranking. This enables Surv-WLSSVM to deliver generally more consistent performance,
particularly in datasets with high censoring levels, data imbalance, or heterogeneous risk patterns.

Nevertheless, the performance of Surv-WLSSVM based on the Kaplan–Meier estimator still holds substantial
potential for improvement. The use of constant weights for censored observations does not distinguish between
early-censored and late-censored cases, even though these conditions convey different levels of information in
survival analysis. By incorporating a more appropriate weighting scheme for censored data, the performance of
Surv-WLSSVM can be further enhanced.

Table 4. Differences Between Surv-LSSVM and Surv-WLSSVM

Aspect Surv-LSSVM Surv-WLSSVM

Objective function Squared loss without weights Squared loss with weights

Sensitivity to data Less attentive More sensitive due to adjustable
weights

Flexibility Less flexible in handling data pairs Highly flexible, adaptive to data
structure

Risk ranking accuracy Can be affected by weak pairs More stable

Computational efficiency Faster without weighting opera-
tions

Slower due to weight-matrix con-
struction

The weighting mechanism in terms of computational efficiency indicates that Surv-LSSVM operates faster because
it does not require additional weighting procedures, resulting in a simpler computational process. In contrast, Surv-
WLSSVM, which employs the Kaplan–Meier estimator, tends to be slower due to the involvement of more complex
formulas and the need to construct a weight matrix that scales with the sample size. Interestingly, several previous
studies have shown that the WLSSVM classification method in general contexts actually has lower computational
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complexity compared to LSSVM. Nevertheless, within the framework of survival analysis, the implementation of
Surv-WLSSVM becomes more computationally expensive due to the requirement for a more structured weighting
scheme.

The Surv-WLSSVM approach offers several advantages that provide added value compared with classical survival
analysis techniques and previous SVM-based methods. First, this model integrates a weighting strategy into
the Surv-LSSVM framework, enabling it to account for differences in the contributions of event and censored
units. Second, Surv-WLSSVM retains the strengths of the LSSVM formulation, namely its quadratic optimization
structure, which can be solved more efficiently.

On the other hand, the Surv-WLSSVM method also has several limitations. First, the model’s performance strongly
depends on the selection of hyperparameters, such as the regularization parameter and kernel parameters, thereby
requiring an optimization process that can be computationally demanding, particularly when population-based
algorithms such as PSO are employed. Second, although the weighting strategy improves accuracy, the approach
remains sensitive to extreme weights, especially in datasets with a very small proportion of events, a condition
that may lead to an imbalance in contributions across observations. Third, the model assumes a non-informative
censoring mechanism; violations of this assumption may degrade model performance.

5. Discussion

The Surv-WLSSVM and Surv-LSSVM models have been thoroughly evaluated through simulations and
applications on real-world data. The simulation design was constructed with predictor complexities of 12, 17, and
35 variables, as well as varying sample sizes of 100, 300, 500, and 1000. In addition to variations in dimension and
sample size, differences in censoring proportions were also simulated to assess the robustness of the models across
different levels of censoring. The results demonstrated that Surv-WLSSVM consistently outperformed across all
simulation scenarios.

This superiority is driven by the integration of survival function weights derived from the Kaplan-Meier estimator.
This value is only available for subjects who experienced the event, assigning proportional weights based on
actual risk. Conversely, censored subjects do not have survival values and are assigned constant weights. When
the weight for censored data, Surv-WLSSVM exhibited a significant improvement in c-index values compared to
Surv-LSSVM, particularly in scenarios with a large proportion of events. On the other hand, in scenarios with
high percentages of censoring, although Surv-WLSSVM remained numerically superior, the differences were not
statistically significant. In such cases, the large number of censored data and uniform weighting of this type of
data resulted in no difference in contribution among censored subjects, so the model only distinguished predictor
variables through kernel mapping.

This condition emphasizes the importance of adaptive weighting strategies for censored data. If partial information
from censored subjects can be further utilized in determining weights, the potential for enhancing model
performance could be substantially greater.

The application of the Surv-WLSSVM and Surv-LSSVM models to real-world data indicates that the differences in
c-index values are not statistically significant. This condition may be attributed to the distributional characteristics
of the real dataset, both in terms of survival times and predictor variables. In contrast, the RSF and CPHR models
produce substantially lower c-index values. The kernel-based approach employed in Surv-WLSSVM and Surv-
LSSVM provides greater flexibility for capturing nonlinear patterns that cannot be accommodated by the CPHR
model. Meanwhile, the RSF model is relatively less responsive to censored observations and requires careful
parameter tuning to improve its performance.
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The Surv-WLSSVM model demonstrates strong performance across both small scale datasets and big data
environments. For small datasets such as clinical health screening data (e.g., hypertension or stroke assessments)
or household electronic device lifespan data the method provides stable estimates due to the efficiency of the
LSSVM formulation under limited sample sizes. Moreover, Surv-WLSSVM aligns well with modern analytical
demands in the era of big data, as it is capable of handling large numbers of variables and observations, including
genomic expression data, daily vehicle sensor records, and digital application usage histories. The consistently
strong performance of Surv-WLSSVM across all simulated data scenarios highlights its relevance for a wide range
of real-life datasets that are familiar in daily life and require accurate predictions of durability or time to event
outcomes.

The implementation of a survival-function–based weighting strategy contributes meaningfully to enhancing the
model’s sensitivity to subject-specific characteristics, while also opening opportunities for further methodological
development through adaptive weighting schemes for censored data. This study recommends using the
Kaplan–Meier Imputation with Bayesian approach for weighting censored observations, or alternatively employing
weighting based on Inverse Probability of Censoring Weighting (IPCW).

6. Conclusion

The findings of this study demonstrate that the Surv-WLSSVM model consistently delivers superior performance
compared with Surv-LSSVM, RSF, and CPHR across a wide range of testing conditions. In the simulated
datasets, this superiority was evident in all scenarios, including variations in the number of predictors (data
dimensionality), sample size, and censoring proportions. The performance gap between Surv-WLSSVM and
Surv-LSSVM became statistically significant under low-censoring conditions, where both constant weighting
and Kaplan–Meier–based weighting contributed substantially to the improvement of Surv-WLSSVM. Under
conditions with a high proportion of events, both SVM-based models achieved c-index values exceeding 0.90. In
contrast, the RSF and CPHR models exhibited less stable c-index values across simulation scenarios; RSF requires
optimal parameter-search procedures to improve performance, while the semi-parametric CPHR model performs
suboptimally when confronted with nonlinear structures and high-dimensional predictor spaces.

Applications to real-world datasets further confirmed the superior performance of Surv-WLSSVM. The three
datasets featured different combinations of censored and event observations, yet Surv-WLSSVM consistently
maintained high predictive accuracy. The model’s performance is strongly influenced by the selection of the
regularization and kernel parameters, both of which are essential components of SVM-based methods. The
parameter tuning procedure using the PSO algorithm yielded more stable and well-regulated regularization
parameters, whereas the kernel parameter required broader search-space exploration to attain optimal values.

The methodological integration of survival analysis, weighted least squares support vector machines, the
Kaplan–Meier estimator, and PSO-based parameter tuning constitutes a robust analytical framework capable of
delivering superior performance in modern survival analysis settings. The Surv-WLSSVM model represents a
survival modeling approach with substantial potential for more reliable and adaptive future development.
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