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Abstract

In addition to non-normality, censoring is one of the characteristics of survival
data. All traditional procedures and models take into consideration this censor-
ing characteristic in relation to survival data analysis. However, no studies have
been done on the effect of censoring levels in survival data analysis. The main
objective of this paper is to look at the effect of censoring levels in survival data
analysis in relation to big data. Data of sizes n = 10,000, 2 = 50,000 and 2 =
100,000 were simulated each at censoring levels of p= 0.1, p= 0.5 and p = 0.9.
For comparison sake, also small/moderate sized survival datasets were also sim-
ulated. Censoring levels had a low effect on small/moderate sized datasets and
had a significant effect on big datasets. This was depicted by the plots of survivor
function. Visually, it was evident that as the level of censoring increases, there is
a tendency to overestimate survival prospects. Model fit was much better for
small/moderate datasets as compared to model fit for big datasets. This supports
the idea of many researchers that traditional survival statistical models are infe-
rior when handling big data. Surprising, the model fit for high censoring level
(p=0.9) had a much better fit both on small/moderate and big datasets.
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1. Introduction

Historically, the event of primary interest in survival analysis is patient morbidity,
but active research in the field over the past few decades has provided applications
spread across many domains including biostatistics, sociology, economics, demog-
raphy, and engineering [1]-[4]. In addition to survival times, additional information

on covariates has been used to evaluate their importance in predicting the survival
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probability of a given observed individual. This now entails modeling of survival
data. One of the main challenges for such time-to-event data is that usually there
exist censored instances, i.e., the event of interest is not observed for these instances
due to either the time limitation of the study period or losing track during the lon-
gitudinal observation period [5]. This issue of censoring is a significant challenge of
survival analysis which all methodologies have to take into consideration.

In survival analysis, censoring typically takes the form of random right, left and
interval censorship. Survival analysis, an important sub-field of statistics, provides
various mechanisms to handle such censored data problems that arise in modeling
such data. Traditionally, mostly statistical models were developed to overcome this
censoring issue, however no studies have been done to determine the effect of cen-
soring level. Also studies do not even mention the extend of censoring occurrences.

In 1972, Sir David Cox read the paper “Regression models and life tables” to the
Royal Statistical Society [6]. In this seminal paper, Cox (1972) presented the pro-
portional hazards model, which specifies that the conditional hazard function of
failure time given a set of covariates is the product of an unknown baseline hazard
function and an exponential regression function of covariates [6]. This propor-
tional hazards model of Cox (1972) has been the most popular survival analysis
statistical model and its main concept is to analyze the relationships between mul-
tiple covariates and survival time. For classical/traditional problems with many
more observations than predictors, the Cox model performs well [7]. The main
objective of this paper is to determine the performance of this Cox model under

various levels of censoring for both small/moderate and big datasets.

2. Literature

The term “big data” was used for the first time in a 1997 article by NASA researchers
Michael Cox and David Ellsworth. They claimed that the rise of data was becoming
an issue for current computer systems. The term “Big Data” has several definitions.
The term “Big Data” refers to the evolution and use of technologies that provide the
right user at the right time with the right information from a mass of data that has
been growing exponentially for a long time in our society [8]. Five characteristics
have been used to define big data, also known as 5V’s (Volume, Variety, Velocity,
Veracity and Value). Volume refers to the size of the data sets that need to be ana-
lyzed and processed, which are now larger than the ones for traditional data sets.
Velocity refers to the speed at which the data is accumulated. Social media messages
go viral in seconds. Variety refers to the multiplication of the types of data managed
by an information system. Veracity refers to the assurance of quality/integrity/cred-
ibility/accuracy of the data. Value refers to the important feature of the data which
is defined by the added-value that the collected data can bring to the intended pro-
cess, activity or predictive analysis/hypothesis [9]. Of these five characteristics our
main focus is on volume (many instances).

Survival data have two important special characteristics: (1) survival times are

non-negative and consequently are usually positively skewed and (2) typically some

DOI: 10.4236/0js.2025.153016

313 Open Journal of Statistics


https://doi.org/10.4236/ojs.2025.153016

E. Manjoro et al.

subjects (units of observation) have censored survival times that is survival times of
these subjects are not observed. However, of these two special characteristics of sur-
vival times, the one which renders most statistical procedures redundant is the issue
of censoring. There are three types of censoring: right censoring, left censoring and
interval censoring. Right censoring occurs when a subject leaves the study before an
event occurs, or the study ends before the event has occurred and it is the most
prevalent type of censoring. Left censoring is when it is known that the failure occurs
some time before the recorded follow-up period. That is, the actual survival time is
less than the observed survival time. With interval censoring it is known that the
event occurs between two times, but the exact time of failure is not known.

Survival data are normally represented by a triple of variables ()X, 7, J), where
X is the feature vector, and Jis an indicator variable. = 1 if T'is the time to the
event of interest and J = 0 if T'is the censored time; for convenience, 7'is usually
name the observed time [4]. In summarizing survival data, there are three func-
tions of central interest, namely the survivor function, the hazard function, and
the cumulative hazard function [10].

Suppose T'is a non-negative random variable representing the time until some
event of interest. Now suppose that this random variable, 7"has a probability dis-
tribution with underlying probability density function £(%). It is usually assumed

that 7'is continuous and its distribution function is given by
F(t)=P[T <t]=] f(u)du (1)

This function is also called the cumulative incidence function, since it summa-
rizes the cumulative probability of death occurring before time #[10]. The survival
function, which is denoted by S{(?) is the probability that a subject survives beyond

time zand it is given by
S(t)=P(T>t)=1-F(t) )

In relation to application in medical domain, the survival function is always a
non-increasing function.

One other function commonly used in survival analysis is the hazard function
(A(H), which is also known as the force of mortality, the conditional failure rate,
or the instantaneous death rate [11]. Hazard function is defined as the probability
of dying at time ¢ conditional on subject having survived to time #and Mathemat-

ically defined as

()= lim P(t<T <t§:5t|T >t)
F(t+ot)—F(t)

= A‘L“wgt.—s(t) (3)

_f®
- 8(1)
In contrast to survival function which is always non-increasing, the hazard

function can take any shape. The cumulative hazard function is given by:
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H (t)= [ h(u)du (t>0)
=-In(1-F(t)) (4)
i)

Cox Proportional Hazards Model

The general Cox proportional hazard model is given by
h(t, x)=exp(B7x)hy (1) (5)

where h, (t) is the baseline hazard function which depends on time but not co-
variates and ' X = X + oKy ++o-+ B,X,i - The model is semi-parametric be-
cause the baseline can take any form and the covariates enter model linearly. Fit-
ting the proportional hazards model given in equation 5 to an observed set of sur-
vival data entails estimating the unknown coefficients of the explanatory variables
Xy Xgo, X,

rameter estimates can then be found by maximizing this log-likelihood function

in the linear component of the model, £, f,,":-, 5, The p-pa-

using numerical methods and this maximization is usually accomplished using

the Newton-Raphson procedure.

3. Methods

In real life, most of the survival data sets are small/moderately sized and traditional
statistical models work well. However, for this paper, consideration is placed on big
datasets in relation to size (many instances-volume). The study will use simulated
data.

When conducting simulation studies to evaluate the performance of new and
existing statistical methods for analyzing survival data, one is required to simulate
event times under a known data generating model [1]. Traditionally, a common
approach has been to make simplifying parametric assumptions about the distri-
bution of the event times [1]. In survival analysis the most prominent model is the
Cox proportional hazard model and it doesn’t assume any distribution of the
event times. Thus we have a problem with the above suggested approach because
it contradicts a key advantage of the Cox model that is the ability to leave the
distribution of the baseline hazard unspecified. However, no standard method ex-
ists for simulating durations directly from its data generating process because it
does not assume a distributional form for the baseline hazard function [12]. [12]
proposed a method that generates a baseline hazard function at random by fitting
a cubic spline to randomly drawn points. This produces a wide variety of shapes
for the baseline hazard, including those that are unimodal, multimodal, mono-
tonically increasing or decreasing, and other shapes. Survival times drawn from
this function match the Cox model’s inherent flexibility and improve the simula-
tion’s generalization. However, one of the main disadvantages of this approach is
on the covariates. It only simulates duration times with continuous covariates,

however in many situations covariates are factors.
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Three factors of different sizes (n= 50, n= 80, n= 100, n= 10,000, = 50,000 and
n = 100,000) were simulated. The first factor has two (2) factor levels, the second
factor has three (3) factor levels and the last one has four (4) factor levels. The reason
for using factors is that most survival studies use continuous covariates and we
wanted to deviate from this norm. We also considered censoring levels of 10%, 50%
and 90% to capture the effects of low, moderate and high censoring. [13] considered
three levels of censoring, 10%, 25%, and 70%, representing relatively light, moder-
ate, and relatively heavy censoring, respectively on random forests for survival data.
Using the coxed function (Duration-Based Quantities of Interest for the Cox Pro-
portional Hazards Model) we then simulated the survival data (see Appendix).

After the simulations, the data was ready for analysis and for commands see Ap-
pendix. Descriptive measures, the histogram and survivor functions were used. The
Proportional Hazard Model (PHM) was fitted to all the datasets and evaluation met-

ric Concordance was used to determine the goodness of fit of the fitted model.

4. Results

Figure 1 shows histograms for all censoring levels (12 = 10,000) that is at p= 0.1, p
=0.5and p=0.9. The lower histogram is for the actual survival times and the upper
one is for the censored survival times. The notable thing for these histograms is that
for p= 0.5 the shapes for both survival and censored observations are the same (Fig-
ure 2, Figure 3). This similarity shape, p = 0.5 was also noted for other big datasets
that is n = 50,000 and n = 100,000 as shown in appendices Figure C1 and Figure
C2. As shown in Figure C3 and Figure C4 for moderate sized dataset (2= 50, n=
100), there is no similarity in shape as compared with big datasets. This difference

in shape at p = 0.5 was also noted for other moderate datasets, 7= 80 and n= 100.

Histogram of Survival Times and Censored Histogram of Survival Times and Censored
Observations, 10% Censoring Observations, 50% Censoring
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Figure 1. Histograms of survival times (12 = 10,000) for 10%, 50% and 90% censoring levels, big datasets.
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Survivor Function Plots for n=10000 for 10%, 50%
and 90% Censoring Levels
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Figure 2. Survivor functions, big datasets (22 = 10,000, 22 = 50,000 and 1 = 100,000).

Survivor Function Plots for n=50 for 10%, 50%
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Figure 3. Survivor functions, small/moderate datasets (2= 50, n= 80 and n = 100).

Figure 2 and Figure 3are survivor function plots at different levels of censoring
for big datasets (22 = 10,000, 22 = 50,000, 2 = 100,000) and moderate sized datasets
(n=50, n= 80, n=100) respectively. For big datasets there are marked differences

in all survivor functions and for the moderate sized datasets there are no differ-

ences at lower levels of censoring that’s at p = 0.0.1 and p = 0.05. However, for

both small/moderate and big datasets, there is a marked difference at p = 0.9 com-

pared to other censoring levels. From both graphs it is quite evident that the level

of censoring affects the estimation of survivor function especially at high levels of

censoring. At a high level of censoring, there is an overestimation of survivor func-
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tion to the extent that it is impossible to estimate measures such as median survi-
vor function and upper percentiles of survivorship.

Table 1 shows model fit Concordance statistics. Moderate datasets have a better
fit as compared to big datasets which had a poor fit of around 50%. For both da-
tasets there is not much difference in fit at lower levels of censoring, that is, at p=
0.1 and p = 0.5. However, there is a marked change in model fit at a high level of
censoring, p = 0.9. The model fit has improved quite a lot at this censoring level,

and this is a surprising result.

Table 1. Model fit concordance statistics.

Concordance Statistics

n p=0.1 p=05 p=09
50 0.629 0.762 0.838
80 0.614 0.687 0.763
100 0.655 0.653 0.857

10,000 0.542 0.542 0.568
50,000 0.525 0.511 0.549
100,000 0.583 0.555 0.583

5. Conclusions

The magnitude of censoring was something researchers didn’t consider when they
came up with different methodologies for handling survival data. However, from
this study, it is evident that the censoring level affects the results of survival anal-
ysis, especially when working with big datasets. There is an overestimation of the
survivor function when censoring levels are quite high to the extent that measures
such as median survival time and higher percentiles survival times can’t be esti-
mated. Also the Cox Proportional hazard model performance is quite poor as
shown by low Concordance statistics. It then calls for other methodologies for
handling big survival datasets. To tackle practical concerns which can’t be ad-
dressed by statistical models, some related works have adapted machine learning
methods to solve survival analysis problems and in this field researchers have de-
veloped more sophisticated and effective algorithms which either complement or
compete with the traditional statistical methods [5].

Censoring is something we can’t do without when dealing with survival data.
However, it is also something researchers can control when they set their studies
correctly. Research practitioners should exhaustively consider all tracking varia-
bles on participants so as to avoid censoring due to loss of follow-up. Also they
should come up with realistic study time so that by the end of the study, the event
of interest would have probably occurred. For big data, we recommend the use of
machine learning approaches such as survival trees, random forests, and neural

networks for survival data.
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Appendix A. SIMULATIONS, R (n =10,000)

#Simulation of Factors #Two factor levels
>F2=sample.int(2,10000,replace=TRUE) #Three factor levels
>F3=sample.int(3,10000,replace=TRUE) #Four factor levels
>F4=sample.int(4,10000,replace=TRUE) #Covariates Matrix
>Fdata=cbind(F2,F3,F4) #SURVIVAL DATA SIMULATIONS
>library(coxed)
>SimData_0.1=sim.survdata(T=49,X=Fdata,censor=0.1,num.data.frames=1)
>SimData_0.5=sim.survdata(T=49,X=Fdata,censor=0.5,num.data.frames=1)
>SimData_0.9=sim.survdata(T=49,X=Fdata,censor=0.9,num.data.frames=1)
#Correct Data Frame
>SimData_0.1_1=head(SimData_0.1$data,10000)
>SimData_0.5_1=head(SimData_0.5$data,10000)
>SimData_0.9_1=head(SimData_0.9$data,10000)

Appendix B. ANALYSIS COMMANDS, R

#Histogram

>library(ggplot2)

>ggplot(SimData_0.1_1, aes(x=y, color=failed))

+ggtitle("Histogram of Survival Times and Censored Observations, p=0.1") +
geom_histogram(fill="white", position="dodge")+ theme(legend.position="top")

>ggplot(SimData_0.5_1, aes(x=y, color=failed))

+ggtitle("Histogram of Survival Times and Censored Observations, p=0.5") +
geom_histogram(fill="white", position="dodge")+ theme(legend.position="top")

>ggplot(SimData_0.9_1, aes(x=y, color=failed))

+ggtitle("Histogram of Survival Times and Censored Observations, p=0.9") +
geom_histogram(fill="white", position="dodge")+ theme(legend.position="top")

#Survivor Function

>library(survminer)

Sim_All <- rbind((cbind(SimData_0.1_1, type = ’Level 17)), (cbind(Sim-
Data_0.5_1, type = "Level 2°)), (cbind(SimData_0.9_1, type = ’Level 3°)))

>KM_ALL= survfit(Surv(y, failed) ~ type, data=Sim_All) #Cox Proportional
Hazard Model Fit

>cox _0.1= coxph(Surv(y, failed) ~ factor(F1) + factor(F2)

+ factor(F3), data = SimData_0.1_1)

>cox _0.5= coxph(Surv(y, failed) ~ factor(F1) + factor(F2)

+ factor(F3), data = SimData_0.5_1)

>cox _0.9= coxph(Surv(y, failed) ~ factor(F1) + factor(F2)

+ factor(F3), data = SimData_0.9_1)

>summmary(cox_0.1)

>summmary(cox_0.5)

>summmary(cox_0.9)
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Appendix C. OTHER OUTPUTS

Histogram of Survival Times and Censored Histogram of Survival Times and Censored
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Figure C1. Histograms of survival times (22 = 50,000) for different censoring levels, big datasets.
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Figure C2. Histograms of survival times (22 = 100,000) for different censoring levels, big datasets.
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Figure C3. Histograms of survival times (22 = 80) for different censoring levels, moderate datasets.
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Figure C4. Histograms of survival times (1= 100) for different censoring levels, moderate datasets.
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