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Abstract

Survival analysis is a statistical method that focuses on the time it takes for an event of interest to occur. It combines time,
which is a continuous variable, with the occurrence of the event, a dichotomous variable; in addition, its distinctive feature
is the presence of censored data. The Kaplan-Meier method is a nonparametric test that estimates the probability of survival
over time, which is calculated each time an event occurs. The log-rank test is used to compare survival patterns between
independent groups. Cox proportional hazards regression is the most widely used multivariate model in survival analysis;
it evaluates predictive factors and estimates the Hazard Ratio as a measure of association. The use of traditional models
requires assumptions such as proportional hazards and non-informative censoring, and when this criteria is not met,
researchers must choose appropriate techniques according to their objectives, population and resources. Options include
Bayesian models, stratified, time-dependent covariates or artificial intelligence techniques; the latter offers an alternative
for modeling complex scenarios, handling large volumes of data and overcoming the limitations of conventional methods.
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Resumen

El'andlisis de supervivencia es un método estadistico que se centra en el tiempo que tarda en ocurrir un evento de interés.
Esta combina el tiempo, que es una variable continua, con la ocurrencia del evento, una variable dicotémica; ademas, su
caracteristica distintiva es la presencia de datos censurados. Se realizé una busqueda de publicaciones del 2019 al 2024, con
el objetivo de describir los principales métodos para realizar analisis de supervivencia y las diferentes opciones cuando no es
posible usar los modelos tradicionales. Se elabord una revision narrativa de las técnicas mas utilizadas, limitaciones y sesgos
encontrados con mayor frecuencia en las investigaciones publicadas. El método Kaplan-Meier estima la probabilidad de
supervivencia alo largo del tiempo, el test de log-rank compara patrones de supervivencia entre dos grupos independientes.
La regresién de riesgos proporcionales de Cox es el modelo multivariado usado con mayor frecuencia y estima la influencia
de las variables predictoras en la probabilidad de supervivencia en un tiempo determinado usando el Hazard Ratio como
medida de asociacion. Para la utilizacion de estas pruebas se requiere cumplir supuestos como proporcionalidad de riesgos
y censura no informativa, cuando esto no es posible, los investigadores deben elegir técnicas adecuadas seguin sus objetivos,
poblacién y recursos. Las opciones incluyen modelos bayesianos, estratificados, covariables dependientes del tiempo o
técnicas de inteligencia artificial; esta Ultima ofrece una alternativa para modelar escenarios complejos, manejando grandes
voltimenes de datos y superando las limitaciones de los métodos convencionales.
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Introduction

Survival analysis is a statistical method
in which the variable of interest is the time
it takes for an event to occur This variable
comprises two components: time, which
is continuous, and the occurrence or non-
occurrence of the event, which is dichoto-

mous."™ The method was originally used
to analyze the time until death of patients,
hence its name.* While this remains one of
its most common applications, the event of
interest does not have to be death; it can
also refer to the occurrence of a complica-
tion, such as acute myocardial infarction, or
a patient’s recovery from illness. M
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A distinctive feature of survival analysis
is the presence of incomplete information,
or "censored data"’ This occurs when the
event of interest does not happen during
the patient's follow-up period." The most
frequent form of censoring in this type of
study is right-censoring, which occurs when
the outcome happens after the end of the
observation period.™

Two other, less common types of
censoring are left-censoring, which occurs
when the event happens before observation
begins.” For instance, a study examining the
prevalence of dementiain Germany between
2004 and 2012 revealed how incorporating
left-censored data (cases diagnosed prior to
2004) could impact the outcome of the anal-
ysis.X The second type is interval censoring,
where only the time interval during which
the event occurred is known, not the exact
time.™ This is common in school-based
oral health programmes that rely on fixed-
interval assessments, such as annual or bian-
nual examinations, where the exact moment
when a tooth cavity develops is unknown
Censoring can be classified as either infor-
mative or non-informative. Non-informative
censoring, also known as independent
censoring, is not related to the risk of experi-
encing the event of interest.” Since failure to
meet this assumption could bias the results,
survival analysis assumes non-informative
censoring." The presence of censored data
requires the use of statistical methods that
go beyond simple linear regression.”

Additionally, survival curves are non-
negative, meaning they always show posi-
tive progression. This is because the events
studied are cumulative, with their incidence
accumulating over a defined period of
time. Typically, survival time distributions
are skewed, which limits the applicability
of parametric models that assume a normal
distribution. This requires either non-para-
metric models or logarithmic transforma-
tions for proper analysis. /i

Nowadays, survival analysis is frequently
employed in cohort studies and clinical
trials. It has proven useful in fields such as
epidemiology, oncology and cardiology for
comparing the efficacy and safety of medical
and surgical treatments, and for estimating
recovery time, time to recurrence as well as
disease-free and complication-free periods.
M Given how useful and frequent survival
analysis is in health research and publica-
tions, it is crucial for health professionals to
familiarize themselves with the methods
used in these analyses*' However, certain
elements and methods are often overlooked
in existing reviews, such as non-proportional
hazard models, Bayesian approaches, arti-

ficial intelligence applications, and the
common limitations and biases found in
these types of studies.

A search was conducted in the PubMed,
Virtual Health Library, Google Scholar and
Scielo databases for articles published
between 2019 and 2024, using the following
keywords: “Survival Analysis’, “Kaplan Meier”,
“Cox proportional hazards’, “Non propor-
tional hazard”,"Proportional hazards assump-
tion”, “Andlisis de supervivencia’, “Riesgos
proporcionales de Cox” and “Modelos de
riesgos no proporcionales” Figures were
generated in RStudio version 9.4.19 1370
using simulated data. The objective of the
narrative review was to describe the main
methods used in survival analysis in health
research and outline alternative options

when traditional models are not applicable.
Discussion
General considerations

The methodology of survival analysis can be
summarized in three key steps. The first step
involves estimating the survival function,
also known as the survival curve. The second
step involves comparing survival curves. The
third step involves estimating the effects of
explanatory variables on survival time.”

The "survival function" refers to the prob-
ability that a patient will survive for a given
period of time ™ A related concept is the
"hazard function”, which represents the
probability of an event occurring within a
specific time period.” "Median survival" is
defined as the time at which the event has
occurred in 50 % of observed subjects A
key assumption relating to the hazard func-
tion is the "proportional hazards assump-
tion" (PHA), which posits that the risk of
experiencing an event remains constant
throughout the follow-up period.*

In survival studies, two timepoints must
be clearly defined: the start and end of
follow-up, based on the study objectives.
The follow-up period must be long enough
to allow for the observation of a reason-
able number of events.”

Fach patient has a different starting
date for follow-up, known as "calendar
time" or "secular time"*¥ These dates are
standardized to a common reference point
in time, known as "time zero"» A patient's
follow-up period spans from time zero until
the event occurs or they are censored.™
Regardless of the variable under analysis,
the time it takes for the event to occur is
commonly referred to as "survival time"
Yi'In clinical trials, time zero is usually the
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moment of randomization, or when the
patient begins the intervention.

In observational studies, however, it can
vary, potentially corresponding to study
entry, the start of exposure to a risk factor, or
the occurrence of an index event *

Sample size calculation in survival
analysis

Unlike other types of study, the reliability and
power of survival analysis depend not on the
total number of individuals in the sample,
but on the number of observed events

A practical rule for determining the
appropriate sample size is to ensure there
are at least ten events per covariate for reli-
able Cox regression analysis. For example,
if five covariates are to be analyzed,
then 50 events would be required.x
However, this approach may not reflect the
complexity of the relationships between
predictors and outcomes

There are, statistical methods available
for determining the appropriate sample size
in such studies, including the Freedman,
Schoenfeld and Lakatos methods " First,
the number of events required for the
analysis must be calculated, and then the
number of patients needed to observe
that number of events must be estimated.
*I Thorough analysis of the population char-
acteristics and study objectives is essential
to select the appropriate sampling method
and avoid methodological errors

The actuarial life table

The study duration is divided into fixed-
length time intervals, during which each
patient is observed. ™ The length of these
intervals is determined by the frequency
of the event.” Follow-up time is expressed
as the number of intervals until the
event or censoring occurs, based on the
assumption that censoring occurs at the
midpoint of each interval!

Kaplan Meier

This is the most widely used method of
survival analysis in health science™" It is
a non-parametric test which estimates the
probability of survival over time by updating
this probability each time an event occurs.
Therefore, there will be as many estimates
as there are events, unless multiple events
occur simultaneously."™ For the model to
be valid, censoring must be non-informa-
tive The model is typically represented in
graphs, with the X-axis denoting time and
the Y-axis representing survival probability.

Marks (e.g. "+" signs) are added to indicate
censored data® (Figure 1).

The software used for these analyses
usually provides confidence intervals (Cls)
for each survival probability point. Many
researchers then connect these points
to illustrate the confidence band of the
curve. While these Cls are valid for each
point, additional statistical adjustments are
needed to depict the full confidence bands
appropriately® Other options to Kaplan-
Meier include the Breslow estimator or the
Breslow-Aalen method.”

Log-rank test

This is a non-parametric test based on the
chi-squared distribution, which is the most
commonly used method for comparing
survival curves. ™ Rather than comparing
final or median survival, it compares overall
survival patterns¥ The null hypothesis is
that there is no difference between the
survival curves of two or more indepen-
dent groups™ (Figure 2). The survival curves
must not cross; if they do, the test may fail
weighted log-rank tests*! or the Lin and
Wang modified log-rank test* are recom-
mended. The test's power increases if
the PHA is met/™ Otherwise, alternatives
include the Tarone-Ware, Peto-Peto-Prentice
or Fleming-Harrington tests.

Cox proportional hazards
regression model

Cox Proportional Hazards Regression
Model (CPR) is the most widely utilised
multivariable model in the field of survival
analysis.™ " |t is used to analyze predictive
factors (covariates) that influence survival. It
yields a measure of association known as the
Hazard Ratio (HR), which is defined as the
hazard function of the exposed or treated
group divided by the hazard function of
the unexposed or control group*” The
HR is analogous to the Odds Ratio (OR)
from logistic regression and is interpreted
similarly. HR > 1 indicates increased risk,
HR =1 indicates no difference, and HR < 1
indicates reduced risk.™

As with any statistical model, the Cox
model is predicated on several assump-
tions: proportional hazards, non-informative
censoring and independence of survival
between individuals. The latter indicates
that the survival of one participant does
not impact the survival of anotherX® In
addition, the log-linear assumption is refer-
enced, which stipulates that the relation-
ship between the natural logarithm of the
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instantaneous hazard rate of the covariates
or predictor variables must be linear
Testing the Proportional Hazards
Assumption

Prior to the formulation of inferences
from the model, it is essential to verify
the PHA; otherwise, the analysis may be
biased.” A number of methodologies are
at researchers' disposal for the purpose
of testing this assumption.” The most

uals test, which compares observed versus
expected events. The null hypothesis posits
that the residuals are independent of time.
In the event of its rejection, it is assumed
that risks vary over time and the assumption
is broken¥ (Figure 3).

Another useful method is the log-minus-
log plot. The survival function is changed
using a double logarithmic transforma-
tion for the covariates. If the PHA holds,
the resulting lines will be parallel and

common of these is the Schoenfeld resid-  non-crossing. " It is recommended to
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Figure 1. Kaplan-Meier Graph. Five-year survival of a group of patients with a given health condition. The curve
starts at 100 % and decreases with each event. Crosses (+) represent censored data. In this example, the five-year
survival rate is 40 %.

A — Control group — Intervention group

100 %

75%

50% 7

Survival probability

25% 7

P <0.01 o o

—

T T T T T T
0 180 360 540 720 900 1080 1260 1440
Time in days

0%

1.00

e
~
>

—

0.50

Survival probability

o
N
G

P=0.65

000 4

0 180 360 540 720 900 1080 1260 1440
Time in days

Figure 2. Log-Rank Test. This compares an intervention group with a control group. Figure 2A shows that
p < 0.01, so the null hypothesis is rejected and a statistically significant difference between the groups is indica-
ted. Figure 2B shows that p = 0.65, which means the null hypothesis is not rejected and suggests no significant
difference between the groups.
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use more than one method in order to
verify this assumption.™
Non-Proportional Hazard Models

A wide range of tests for analysing non-
proportional hazards is available, and no
clear consensus exists on the optimal
approach.*" One preliminary strategy is to
partition the follow-up period into intervals
where the PHA holds and to construct sepa-
rate models for each interval ** For instance,
in a study that made a comparison between
endovascular repair and open surgery for
abdominal aortic aneurysms, since the PHA
was not met, the analysis was divided into
four time periods: six-month survival, four-
year survival among those who survived the
first period, eight-year survival, and survival
beyond eight years*

Further possibilities for exploration
include the stratification of the model based
on variables that contravene the PHA, and
the extension of the model through the
incorporation of time-dependent covariates.
xxod The |atter approach is most frequently
employed in the context of clinical trials "

For example, a study analyzed the
relationship between CA19-9 levels and
survival in  pancreatic cancer patients
receiving chemotherapy. Following the
discovery that the PHA had not been met,
the researchers proceeded to implement a
Cox model with time-dependent covariates.
This entailed the introduction of periodic
CA19-9 measurements into the model. The
baseline HR was established at 1.56, with a
maximum recorded of 2.0 HR attained two
months following the commencement of
chemotherapy treatment

Additional techniques that may be
employed include frailty or random effects
models it narametric models such as
piecewise exponential and accelerated
failure time models, and machine learning
(ML) approaches i

Bayesian Survival Models

Bayesian survival analysis is a flexible tool
that allows for the modelling of the time to
an event, such as death or recovery. This is
achieved by integrating prior information
through a priori distributions and enabling
dynamic decision-making. In contrast to
conventional methods, Bayesian approaches
do not necessitate the PHA Techniques such
as the Integrated Nested Laplace Approxi-
mation have been proven to be especially
useful due to their capacity to process large
datasets with great expediency and accu-
racy. Bayesian models provide credibility
intervals, which offer a more intuitive anal-

ysis in complex clinical and epidemiological
settings by better reflecting uncertainty. >

They are also useful when the sample
size or number of events is small in relation
to the number of variables. For example,
in a survival analysis of 299 heart failure
patients, of whom 96 died, 11 variables
were analyzed. According to traditional
rules, at least 110 events would have been
needed (ten per variable), so a Bayesian
Cox regression provided a more reliable
analysis in this context.

Use of Artificial Intelligence in
Survival Analysis

Artificial intelligence (Al), along with
its branches of ML and deep learning (DL),
has become a valuable tool in survival
analysis. These technologies facilitate the
processing and analysis of large volumes
of data, enabling the identification of
complex patterns and relationships that
are difficult to discern using traditional
statistical methods.

ML and DL methods have transformed
survival analysis by overcoming the limita-
tions of traditional models. Prominent ML
models include multitask logistic regres-
sion networks, DeepSurv and survival
random forests. These methods can handle
complex and non-linear relationships, iden-
tify patterns in high-dimensional data and
provide more accurate predictions. Their
flexibility allows the integration of clinical,
biomarker, and genomic data, thereby
enhancing treatment personalization and
informed decision-making.*"!

DL models are particularly effective
at analyzing high-dimensional datasets
where the number of features exceeds the
number of observations, which is a chal-
lenge for traditional methods*i" Deep
neural networks can model complex
nonlinear relationships between variables
and outcomes, such as disease progression
or death, thereby improving prediction
accuracy. Their capacity to learn from large
datasets enables them to identify signifi-
cant patterns that traditional methods may
Over|ook_x><xvm,><xxix

One example of the utility of machine
learning (ML) in survival analysis is a study
that analyzed 100 544 pathological images
from 78 patients, successfully predicting
one-year progression-free survival
following immunotherapy in patients with
small-cell lung cancer
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Figure 3. Schoenfield test. The objective of this study is to ascertain the factors that influence the probability of complications in patients
undergoing surgical treatment one year after the intervention. It is necessary to determine whether the Cox proportional hazards model is
adequate for the analysis. To this end, a Schoenfeld test will be performed to ascertain whether the variables included meet the assumption of
proportionality of risks. Figure 3A rejects the null hypothesis (p < 0.05), thus indicating that the proportional hazards are not met. This implies
that the risk of complications is not constant throughout the follow-up period, necessitating the use of an alternative model for the compari-
son of treatments. As depicted in Figure 3B, the null hypothesis is not rejected, thereby validating the proportionality of risks and affirming the

efficacy of the Cox regression model.
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Limitations of Survival Analysis

If the probability of the event of interest is
low, a large sample size is required to ensure
a sufficient number of events for reliable
analysis. When the event takes a long time
to occur, extended follow-up periods are
necessary, which can lead to an increased
number of censored cases due to patients
dropping out of the study. Furthermore,
the risk of the event occurring may vary over
long timeframes, which breaks the PHA

Models recommended for long-term
survival analysis, such as in cancer studies,
include milestone survival analysis, restricted
mean survival time analysis, area under the
survival curve model, nomograms, and the
previously mentioned accelerated failure
time models and ML techniques i

Biases in Survival Analysis

Informative censoring is regarded as a form
of selection bias, arising when censored
subjects exhibit a higher or lower risk of
the event in comparison to those who
remain in the study.™

Anillustration of this phenomenon can be
found in the context of a clinical trial, in which
a patient was excluded from further partici-
pation due to the emergence of an adverse
effect related to the study medication or the
necessity to modify the therapeutic regimen.”

Ininstances where the occurrence of infor-
mative censoring is suspected, researchers
may decide to exclude these patients from
the analysis or utilize adjusted models such as
stratified models, standard regression adjust-
ments, joint modelling, or inverse probability
of censoring weighting estimation.""

Lead-time bias occurs when a disease is
detected at an early stage, prior to the onset
of symptoms, through screening,” which may
lead to an overestimation of survival time
and intervention effectiveness ™ To exem-
plify this, consider the scenario in which two
patients develop cancer at the age of 15 and
both succumb at the age of 60. In this case, it
can be deduced that the actual survival time
for both patients is equivalent. However, if
an individual is diagnosed at the age of
40 and another at 50, it may give the erro-
neous impression that the latter has a longer
survival time. To circumvent this issue, it is
imperative to initiate follow-up evaluations
at the commencement of the intervention or
exposure under scrutinyX

The phenomenon of stage migration bias
occurs when patients with cancer who are
at the threshold between stages are more
likely to be assigned to the more advanced
stage. This approach has been shown to

enhance survival outcomes in both stages
of the disease. In the initial stage, it functions
by excluding more aggressive cancers, while
in the subsequent stage, it encompasses a
relatively lower proportion of cases that are
less severe. This phenomenon is referred to
as the Will Rogers effect.”

A competing risk is defined as an event
that either prevents or modifies the occur-
rence of the event of interestX To cite an
example, in a study where the outcome
is kidney failure, if a patient dies before
developing this condition, death becomes
a competing risk. In a similar vein, if the
outcome is cardiovascular death and a
patient dies from another cause, that other
cause is also considered a competing risk X

The employment of classical methods,
such as the Kaplan-Meier or Cox regression,
in the context of competing risks may result
in the introduction of bias and an overes-
timation of the effect of the treatment or
exposure under investigation*" The most
common methods for conducting these
analyses are cause-specific hazard models
and the Fine and Gray model X"

It is imperative to exercise caution
when conducting a comparative analysis
of surgical interventions and conservative
management strategies. Surgical complica-
tions are more likely to occur in the perioper-
ative period, violating the PHA. Furthermore,
the benefits of surgery often manifest over
an extended timeframe, which may not be
captured if the follow-up period is too brief.
Wi |n such cases, it is advised that the effi-
cacy and safety of the treatments be evalu-
ated independently. In order to evaluate
the effectiveness of preventive surgeries,
it is advised that the follow-up process
commence in the postoperative period XV

Limitations of the Review and
Recommendations

A broad spectrum of survival analysis
methods and adjusted models exists for a
variety of applications, rendering it imprac-
tical to describe all variations and statistical
foundations in this review. Nevertheless,
the objective of this study was to highlight
the most commonly used methods, with
a view to assisting researchers in selecting
the most appropriate techniques for
their research objectives and identifying
common biases in such studies.

It is recommended that the event(s)
of interest and the start and end points of
follow-up be clearly defined; that potential
biases be assessed before data collection;
and that an appropriate sample size calcula-
tion method tailored to survival analysis be
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applied. Following the selection of the statis-
tical model in accordance with the study's
objectives, it is imperative to undertake
a thorough verification of the underlying
assumptions and ensure their validity.
Conclusion

The most frequently employed methods
for survival analysis are the Kaplan-Meier
method and the CPR model. However, it
is imperative to verify that the necessary
assumptions for the application of these
statistical techniques, such as PHA and
non-informative censoring, are met prior
to their implementation.

In instances where the implementation
of conventional methodologies is unfea-
sible, researchers are required to select
appropriate analytical techniques in accor-
dance with their research objectives, the
characteristics of their population, and the
availability of resources.

The advent of technological advance-
ments has enabled the integration of Al
into survival analysis, thereby facilitating
the modelling of complex scenarios, the
management of voluminous data, and
the identification of intricate patterns. This
development has served to overcome the
limitations of conventional approaches,
consequently generating novel prospects in
the domain of medical research.
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