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Abstract

Recent advancements in competing and semi-competing risk models have significantly contributed to
fields like biomedical, reliability studies (on items related to machines), epidemiological studies (treatment
outcomes, disease progression, cause-specific deaths), and so on, with new emerging models. The
existing frameworks are also being extended to enhance the theoretical robustness. This article provides
a comprehensive review from the very first model to the latest developments, aiming to consolidate
the diverse methodologies and offering insights into the most suitable approaches for various practical
scenarios. The methodologies adopted in different contexts and the steps that form the base for the study
are explained for a better understanding. The methodologies are adopted on the account to the nature of
the problem which we are dealing with and in this article the summary of the review is incorporated so
that the practitioners can decide which methodology to adopt along with the common pitfalls for a specified
case. Domain-specific applications are also incorporated, which helps the practitioners to understand
the real-life application of these concepts as well as it paves the way to make further contributions to
society in the related fields. By examining both foundational and contemporary contributions, this review
seeks to guide researchers and practitioners in selecting effective strategies for handling competing and
semi-competing risks in survival analysis.

Keywords: statistical models, survival analysis, competing methods, semi- competing risks

1. Introduction

Survival analysis is a collection of statistical procedures for analyzing data where the outcome
variable is the time until an event occurs. The time can be years, months, weeks, days or even
the age of an individual and the event can mean death, recovery, or any experience or interest of
an individual. One of the important concepts in the survival analysis is of censoring. Censoring
occurs when we only have some information about the survival time and not the exact time.
There are different types of censoring: Right censoring, left censoring, Interval censoring and
many more progressive ones. The reasons for censoring include: withdrawal of the person from
the study, the person lost to follow-up, or the person does not experience the event before the
study ends. When the person is withdrawn from the study or lost to follow-up it results in
right censoring. If we know that the individual experienced the event between the time 0 and
t but we do not know the exact time it is left censoring. If we know that the event occurred in
between a certain time interval it is interval censoring. While performing a survival analysis, the
objective is to find the survival function and the hazard function. Survival function gives the
probability that a person survives longer than some specified time t whereas hazard function
gives the instantaneous potential per unit time for the event to occur given that the individual has
survived up to the time t. When a subject is under study for cancer, and gets the event of death,
then the person might not be dead because of cancer alone. There can be multiple covariates that
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would have increased the chance of the event occurring, or the event might have occurred solely
because of some other reason apart from cancer, like a stroke or an accident. Such a case can be
considered as a competing risk where at least two covariates can lead to the occurrence of the
event in the same subject. There are multiple factors affecting the variable under consideration.
This is where the concept of competing risk comes into the picture. There are different methods
through which we can proceed with the analysis, but the results thus obtained might not be
reliable, as we deal with multiple factors under consideration simultaneously. The survival curves
plotted in this scenario will be difficult to interpret. Even though there were models built to deal
with the censoring data and multiple covariates, Dr. Robert J Gray and Jason P Fine [1] were
the first to acknowledge competing risk by introducing a proportional hazards model for the
subdistribution of a competing risk, known as the Fine-Gray model. This model estimated and
made inferences on a finite- dimensional regression parameter, considering multiple censoring
scenarios. The partial likelihood principle and weighting techniques were used to derive the
model. But in 2020 [2] revisited the Fine-Gray model and worked on the drawbacks that the
model holds. The comparison of the Fine-Gray model and the cause-specific approaches is made
to eventually develop a reduction factor that can be used while estimating cumulative incidence
functions.

Besides proportional hazards, additive hazard models are used in cases with competing risks.
An additive hazard regression model was developed by [3] based on the modified Weibull
distribution. Discussing the cumulative incidence function and cause-specific hazard opens a
new perspective. Once the framework is decided, we go for testing, where we can either test the
effect by ignoring the competing risks or the test can be conducted after incorporating the risks.
The most widely used tests for the same are the log-rank and the Gray’s test. The variability in
the inferences made using these two different tests in clinical cancer research was explained by
[4]. Here, the cause-specific hazards are analyzed using the Cox proportional hazards model,
assuming that the competing risks are independent, censoring is non-informative, the ratio of
hazard ratio remains constant over time and the treatment effects are homogeneous for different
groups. The estimation procedure includes both the maximum likelihood and Bayesian estimation
techniques in the case of non-informative prior. The idea of a non-informative prior will add
challenges as the Bayesian inference is very sensitive to the choice of the prior distributions. The
appropriate sample size is calculated before the testing, and this is done based on the work in
[5]. The inability to decide on what inference to choose from multiple tests adds complexity as
different tests give different results, and it is up to the researchers and statisticians to decide
on where to lean on. [6] studied data on ICU patients, where the difference in the exposure
time and the censoring concepts are not considered effectively; for example, the discharged
patients are considered to be censored. [7] have applied these techniques to real-time data on
diabetes patients, where the competing risks considered are end-stage renal disease (ESRD) and
death without the disease. [8] addressed the common competing risk of recurrence and death
but considering two aspects: expected death and excess death where the excess death can be
associated with the disease directly or indirectly. [9] took the data on a clinical trial for the cancer
patients. [10] came up with a flexible model to obtain the baseline hazard function which uses the
basic concepts and incorporates methodologies that are data and case-specific. [11] inferred the
mortality risks among under-five Bangladeshi children using the Bangladesh Demographic and
Health Survey 2011 data. [12] found the important risk factors for the patients’ cardiovascular
and cerebrovascular death while suffering from Kidney cancer. [13] used the Fine-Gray model to
find the predictors which are significant to the risk associated with the microinvasive cutaneous
squamous cell carcinoma (misSCC).

On the other hand, semi-competing risk model analysis has drawn a lot of attention, particularly
in reliability and medical research. In many real-world situations, a non-terminal event like the
progression or recurrence of a disease may occur before a terminal event like death. However, after
the terminal event, it is no longer possible to observe the non-terminal event, which means that
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another event will censor it. More complex statistical procedures are required since traditional
survival analysis methods frequently assume independent censoring, which may not apply
in such situations [14]. Researchers have created a number of modeling techniques in recent
decades to account for the connection between events, such as joint modeling frameworks, copula-
based techniques, and frailty models. Significant progress has been made, although handling
informative filtering and precisely calculating parameters still present difficulties, making this an
active area of research.

There are two kinds of events in a semi-competing risks problem: terminal events (death) and
non- terminal events. Although the non-terminal event is typically the focus of the study, the
terminal event’s occurrence may prevent the non-terminal event from occurring [15]. In order
to tackle this, we provide and illustrate the semi-competing risks paradigm, which is applicable
to situations in which a non-terminal event (like readmission) is the main emphasis, but its
occurrence might be impacted by a terminal event (like death). Over time, patients progress
through several health states according to the semi-competing hazards paradigm. Patients begin
in the dismissal condition in the Medicare data (Figure 1A). After that, they can either die or
be readmitted to the hospital. In the event of a readmission, they still run the risk of eventually
changing into the deceased state. Nevertheless, no more transitions are feasible after a patient
enters the deceased condition. Since readmission can happen before death but not the other way
around, this structure effectively depicts the relationship between readmission and death [16].

603412

Figure 1: Graphical representation of the states that patients can transition between under the semi-competing risk
(A) Competing risk (B)

The semi-competing risks analysis framework properly considers the terminal event as a
competing risk while incorporating the dependence between non-terminal and terminal events
within the model specification [17, 18]. To formally explain the structure of semi-competing risks
data, let T1 and T2 represent the times to the non-terminal and terminal events, respectively. From
a modeling perspective, the primary goal in the semi-competing risks setting is to characterize
the distribution of T1 and its potential relationship with T2, i.e., the joint distribution of (T1 and
T2 ). A subject may transition from an initial state (e.g., transplantation) to either the non-terminal
or terminal state over time. If a transition occurs to the non-terminal state, the subject may later
move to the terminal state, but not vice versa. A key limitation of the competing risks framework
in studying the non-terminal event is that it disregards information about the occurrence and
timing of the terminal event following the non- terminal event. This information, however, could
provide valuable insights into the dependence between the two events. Numerous studies have
explored causal interpretation in survival data with competing risks [19, 20, 21]. However, the use
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of semi-competing risks in causal inference remains relatively unexplored. The paper is organized
as follows: the primitive competing risk models developed are discussed in the second section.
How the censoring affects these primitive models is explained in Section 3. Section 4 deals with
the semi-competing risk models. The next section comprises the domain-specific summary table,
the measures to be adopted, and the pitfalls awaiting while analysing. Section 6 gives some
real-life applications and future directions for the same. Conclusion is given in Section 7.

2. Competing Risk Models

2.1. Cause-specific Hazard Models

These models can be used to analyze time-to-event data in the presence of competing risks. The
cause-specific hazard function gives the instantaneous rate of failure from a particular cause
within a small interval of time provided that the subject has not achieved the event yet.

ht =
P
(
t ≤ Tc < t + ∆t | Tc ≥ t

)
∆t

(1)

where ht is the cause-specific hazard function, the time interval is given between t and t + ∆t,
and Tc = time-to-failure from event c.

2.2. Proportional Hazards Model

Fine and Gray [1] developed a subdistribution hazard model with proportional hazards assump-
tion in 1999. The random variables considered here are the failure times, T and the censoring times
C. The main assumption of this model is that the ratio of the hazard rates for two subjects remains
constant over time. The cumulative incidence function is directly estimated using the concept of
partial likelihood for a single failure type in the presence of competing risks. The inclusion of the
idea of partial likelihood helps in estimating the regression coefficients by incorporating different
censoring techniques. The cumulative incidence function is given by [1],

F(t; Z) = 1 − exp
[
−
∫ t

0
λ10(s) exp

(
Z(s)⊤β0

)
ds
]

(2)

where F(t;Z) is the cumulative incidence function, λ10 is a nonnegative function in t. It gives
the probability of failure due to the failure type i by time t with the covariates Z with the small
increment fo time ds.

2.3. Cox PH model

If we are concerned only about a single failure type, considering the other failure types as
censored and proceed with the evaluation of the hazard rate function regarding the single failure
type. The hazard function is given as,

h(t, X) = h0(t) exp

(
p

∑
i=1

βiXi

)
(3)

ho(t) is the baseline hazard function, βi is the regression coefficient for the ith predictor, and
X=X1, X2, . . . , Xn are the n explanatory variables which are independent of time.
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3. Competing Risk Model with Censored Data

3.1. Competing risk model with dependent left-truncation

A cause-specific hazard function is developed where the variables considered are the time to
event, T, and the truncation time, L. While conducting a study the subject i is observed only if
the subject experiences the event after entering the study whereas the subjects who achieve the
event before entering the study are not observed. In essence, the subjects with L < T are included
in the study, whereas the subjects with T ≤ L are not included in the sample. It is assumed that L
and T are independent. The dependence of L and T can, in principle, be examined by considering
L as a covariate in the regression model of the hazard function of T. However, in practice, it is
difficult to identify the reasons leading to L, and this may lead to biased results as the general
methodologies assume independence between L and T. To overcome this drawback, we proceed
with a new approach named Inverse Probability of Left-truncation Weight (IPLW).

In the Inverse Probability Weighting (IPW) approach, selection bias can be adjusted by
weighting the subjects in the study by the inverse of their probability of being selected. In contrast,
in IPLW, the probability of entering the study at a particular time is considered. Thus, the model
developed is given as [22],

αoj
(
t | L = l

)
dt := P

(
T ∈ [t, t + dt], XT = j | T ≥ t, L = l

)
(4)

where αoj
(
t | L = l

)
is the instantaneous transition rate at time t conditioned to the latent

variable, which can be found by the Cox proportional hazards model where each transition type
Xt is represented by j.

The cumulative incidence function conditional on L=l is given by,

P
(
T ≤ t, XT = j | L = l

)
:=
∫ t

0
P
(
T > u− | L = l

)
αoj
(
u | L = l

)
du, j = 1, 2, 3 (5)

Here, u is the lower time limit and L is considered as a latent variable.
After careful simplifications the predicted cumulative cause-specific hazards for individual i with
entry time li is [22],

Â0j(t | L = li) = ˆA0j;0(t) exp
(

β̂0jli
)

, j = 1, 2, 3 (6)

where ˆA0j;0(t) gives the estimate of the baseline cumulated hazard, exp
(

β̂0jli
)

is the scaling
factor on the baseline hazard function for each transition j. The baseline hazard function proposed
here can be estimated using the Breslow estimator [22],

∑
s≤t

∆N0j(s)

∑n
k=1 Yk(s) exp β̂0jli

(7)

Here, ∆N0j(s) gives the number of events occurred that are of type j at time s, Yk(s) is a risk
factor indicator for the subject k that takes binary inputs like 1, if the subject is at risk at time s
and 0 at no risk.

The conditional survival probability and the conditional cumulative incidence functions can
be derived from the above equations. As, we are experiencing dependent left-truncation, all the
events cannot be observed. It is possible that only n events are observed when actually m events
have occurred. Now, the value m is unknown and we need to find the estimate and thus the
concept of IPW is used to proceed with the further derivation. [22] came up with the equation
given below as a support to these concerns.

Q = P(T > L) ≈ n
m

(8)
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The estimator of m is given as [22], which gives the probability of the subject being included
in the study:

m̂ =
n

∑
i=1

1
P̂(T > li|L = li)

(9)

The distribution of the left-truncation can thus be given as [22],

F̂L(l) =
Q̂
n ∑

s≤t

1(li ≤ l)
P̂(Ti > li | Li = li)

(10)

The estimator of the marginal cumulative incidence function derived after considering all the
above equations is [22],

P̂(T ≤ t, XT = j) =
Q̂
n ∑

lk

n

∑
i=1

P̂(T ≤ t, XT = j | L = li)
1(lk ≤ li)

P̂(T > li | Li = li)
(11)

3.2. Competing risk model with Type-I progressive censoring

In Adaptive Type-I progressive censoring, the number of subjects to be censored is pre-determined
initially, but the time at which censoring occurs is not planned prior. The decision on the same is
taken throughout the study after observing the failures. [23] developed a competing risk model
to be applied in such a scenario. The lifetimes in the model are assumed to follow Xgamma
distribution, which leads to a better understanding of the time-to-event data. Thus, the pdf for
the subject k is given by [23],

fk(y; βk) =
β2

ke−βky

1 + βk

(
1 + 0.5βky2

)
, y > 0, βk > 0 (12)

where y is the random variable corresponding to the lifetime, k, k=1, 2 indicates two subpopu-
lations whereas βk is a scale parameter for k.

The hazard rate function in the given scenario is [23],

h(y; β) =
2

∑
k=1

β2
k
(
1 + 0.5βky2)

1 + βk(1 + y) + 0.5(βky)2 (13)

3.3. Additive Generalized Linear-Exponential competing risk model

The AGLE model is a more robust framework that can be applied while handling cancer data
where the treatment response and the disease progression differ from person to person. It stands
out because of its flexibility. Multiple distributions can be accommodated into the model by
adjusting the parameters involved. Let X1, X2, . . . , Xn be the lifetimes of the subjects under study,
which follow the Generalized Linear Exponential (GLE) distribution with rate parameters θ > 0
and λ > 0, and shape parameter k j > 0. Then, the survival function is given by [24],

Pr(Xij > x) = Sj(x; θ, λ, k j) = exp

{
−
[

θx2

2
+ λx

]kj
}

, x > 0, j = 1, 2 (14)

If Xi, the minimum of Xi1 and Xi2, is the lifetime of the object i under study, then the survival
function of X1, X2, . . . , Xn is given as follows [24]:

Pr(Xi > x) = S(x; θ) = exp

{
−
[

θx2

2
+ λx

]k1

+

[
θx2

2
+ λx

]k2
}

, x > 0 (15)

Thus, the model developed is the AGLE distribution. Here, the model considers only two
independent latent causes. This method can be used widely in medical data while [3] can be
made use for engineering problems.
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4. Semi-Competing Risk Models

Let T1 represent the potential happening time of a nonterminal event, and T2 denotes the potential
time of death. The censoring time is given by C. The observed event times are defined as follows
[15]:

Y1 = min(C, T1, T2), Y2 = min(C, T2) (16)

The indicators for event occurrences are [15]:

δ1 = 1{T1 = Y1}, δ2 = 1{T2 = Y2} (17)

Additionally, X represents a vector of fixed covariates, while V(t) denotes a marker process,
where 0 ≤ t ≤ Y2. One of the primary objectives in semi-competing risks analysis is to infer
the distribution of the failure time for the non-terminal event T1. Ideally, observing T1i for each
individual i = 1, . . . , n would facilitate direct inference on T1. However, in practical scenarios,
only n independent and identically distributed copies of {Y1i, Y2i, δ1i, δ2i, Xi, Vi(t)} are available
for observation.

4.1. Semi-Competing Risks Through Illness-Death Models

The three-state illness-death model is widely used as a standard framework for executing
regression analysis in semi-competing risk data. To set up the structure of semi-competing risk
data, let T1 represent the time to the non-terminal event and T2 the time to the terminal event. A
key obstacle in analyzing such data is constructing an interpretable model for T1 while accounting
for the possible dependence between T1‹ and T2. Recently, various statistical methods have been
proposed in the literature for the analysis of semi-competing risk data. To officially explain the
illness“death process, let us revisit Figure 1A. By considering T1 and T2 as time-to-event variables,
the rates at which patients move between the three states can be specified using three distinct
transition-specific hazard functions [14, 16, 18, 25, 26].

H1(t1) = lim
∆→0

[
P(t1 ≤ T1 < t1 + ∆ | T1 ≥ t1, T2 ≥ t1)

∆

]
, t1 > 0

H2(t2) = lim
∆→0

[
P(t2 ≤ T2 < t2 + ∆ | T1 ≥ t2, T2 ≥ t2)

∆

]
, t2 > 0

H3(t2 | t1) = lim
∆→0

[
P(t2 ≤ T2 < t2 + ∆ | T1 = t1, T2 ≥ t2)

∆

]
, 0 < t1 < t2

The first hazard rate represents the likelihood of readmission after discharge at a specific time
t1, assuming that neither readmission nor death has occurred before t1. The second hazard rate
describes the probability of death following discharge at time t2, given that neither readmission
nor death occurred before t2. Lastly, h3(t2 | t1) denotes the hazard rate for death after readmission
at time t2, conditional on readmission having occurred at T1 = t1 and death not having occurred
before t2. The Cox model is the most widely used framework. In the context of semi-competing
risks, the standard Cox model can be adapted and extended as follows:

H1(t1 | γi, Xi) = γi H01(t1) exp
(

X⊤
i β1

)
, t1 > 0

H2(t2 | γi, Xi) = γi H02(t2) exp
(

X⊤
i β2

)
, t2 > 0

H3(t2 | t1, γi, Xi) = γi H03(t2 | t1) exp
(

X⊤
i β3

)
, 0 < t1 < t2

Here, γi represents a frailty term that is specific to each patient, and Xi denotes a vector of
covariates specific to each patient. H01(t1) represents the baseline hazard function (i.e., the hazard
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for a population of patients when X = 0) for readmission after discharge, where β1 represents
the log hazard rate of the covariate vector. Likewise, H02(t2) represents the baseline hazard
function for death following discharge. The components of exp(β2) can be interpreted as hazard
ratios (HRs) for death associated with the covariates in X, given that a readmission event has
not taken place. Lastly, H03(t2 | t1) corresponds to the conditional baseline hazard function
for death, provided that a readmission event occurred at time t1, while exp(β3) represents the
corresponding HR parameters.

A semi-competing risks model involves three stochastic processes, as presented in Figure 1:
the time until the occurrence of a nonterminal event, the time until a terminal event without
undergoing the nonterminal event, and the time until a terminal event after experiencing the
nonterminal event. Unlike traditional competing risk models, semi-competing risk data provide
at least some insight into the joint distribution of nonterminal and terminal events.

For instance, in an illness–death model, the age at disease diagnosis serves as the nonterminal
event, while the age at death represents the terminal event. In this context, two key challenges
arise:

(a) The age at death following disease diagnosis is left-truncated by the age at diagnosis.

(b) In most real-world applications, assuming conditional independence between age at diagnosis
and age at death after diagnosis, given the observed covariates, is often unrealistic.

4.2. Cox Model

Two frailty-based illness-death models are presented below [18, 27]: one follows the conditional
approach, where inference is made by conditioning on the unobserved frailty variate, and the
other adopts the marginalized approach. In the conditional approach, the regression coefficient of
the covariate reflects a within-cluster effect, whereas in the marginalized approach, it represents a
population-averaged effect. It is well established that both approaches yield the exact estimate
in a linear model. However, in a nonlinear model, they differ, making the distinction between
them practically significant. The choice between these methods depends on the objectives of the
analysis.

5. Summary

Table 1: Summary Table

Domain Actual estimand Suggested model Common pitfalls

Transplant (graft fail-
ure) where death acts
as a competing event)

Cumulative Incidence
Function of graft fail-
ure taking death under
consideration.

Cumulative incidence function in-
corporating the covariate effects
on the Fine-Gray subdistribution
hazards model

Ignoring the effect of covariate
and misinterpreting the model
framed.

Readmission (non-
terminal) and death
(terminal)

Hazard function of
readmission before at-
taining death.

Illness-death multi-state semi-
competing risk model

Death shouldn’t be considered
as an ordinary competing risk
like readmission.

Aging studies like de-
mentia and Death

Cumulative incidence
function and the tran-
sition probabilities can
be found in the Illness-
death models.

Semi-competing risk or Illness-
death models can be used. Cause-
specific and joint frailty models
to model the dependence between
terminal and non-terminal deaths.

The data should be of ample
size so that the complexity of
the model can be reduced.

Left-truncation of a de-
pendent entry

Marginal cumulative
incidence function

Inverse Probability of Left-
Truncation Weighting (IPLW)

Incorect weight assigning and
considering dependent entries
as independent.

Progressive Type-I
adaptive censoring
in engineering and
radiological

Cause-specific cu-
mulative incidence
functio with censoring
schemes can be used.

Maximum likelihood estimation
and bayesian estimation with pro-
gressive censoring scheme is sug-
gested.

Complex likelihood derivation
and requirement of simulation
for assurance.

Clinical trials Reasonable inference
based on the treatment
effects.

Cumulative incidence function
can be found as per the Fine-
Gray model and the instantaneous
hazard can be found through the
cause-specific Cox method.

assuming false information
and using different tests lead-
ing to misinterpretations.
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6. Applications and Future Directions

6.1. Medical Field

The competing and semi-competing risk models can be made useful in many medical fields.
Competing risk analysis plays a major role in the fields like Oncology, Organ transplant, Car-
diology, Infectious diseases and so on. In all these cases the death can be achieved not just
because of the disease, there can be multiple side effects or infections that can be a part of it
which can lead to attainment of the event. Studies can be conducted to understand more about
the cause-specific deaths to the deaths due other reasons. We can analyze graft failures versus
death, failure of antibiotic treatments, evaluate risks associated with the post-transplant. Similarly,
semi-competing risk models can be used to investigate disease recurrence and what effects it
has on the survival. The progression of a chronic disease can be considered while the terminal
event considered is death. The estimated thus made are much more reliable compared to the
primitive ones. This information can lead to a better development in the treatment strategies and
risk management.

6.2. Epidemiological Studies

The mortality data collected often serves as a key to understand many important facts regarding
the human life and their surroundings. Through the analysis of this data, using the models
discussed we will be able to find the root cause for the deaths which dominates over the others.
This will help us in developing policies relating to the cause. There are times when longitudinal
studies are performed. Over the analysis, we might encounter the diseases and various risks
associated with a disease or complications pre or post recovery. It also helps us validate the
health programmes and facilities offered in the area under study and take necessary actions if
something is not working effectively. In essence, the models bring out a better study design,
better understanding considering multiple causal pathways, provide better estimates, and in turn
provide better planning in the health sector and clinical decision-making.

6.3. Social Science and Economics

These models can be used not only in medical fields we could use them to study the timing
of significant life events like marriage, childbirth etc. considering other life events like death,
retirement etc. Studies can be made on the migration patterns, where there exists competition
on which country to go to. Similarly, who are the countries with whom we might be competing
when others have to make a choice about migrating to India? They can also be used to study the
job market, education sector, family dynamics and so on. The study can be done on the duration
of a person being employed while having risks of unemployment, changes in the job, retirement
etc. whereas the education sector has risks like detention, suspension, dropping out etc. In family,
there can be death of a spouse, divorce or any other unfortunate incidents. Analysis on loan
defaults and bankruptcy risk is another financial aspect that we might overlook using competing
and semi-competing risk models. As we have seen competing and semi-competing risk models
can be made use in various fields. Similar developments can be made in the existing models as
per the requirement and make more reliable and meaningful models applicable for the problems
still prevailing in the research world. To begin with, there are various censoring patterns which
are less explored and such schemes can be modelled and applied in appropriate situations. This
will be a breakthrough to tackle various problems in the areas of survival analysis, reliability,
econometrics, finance and so on.

7. Conclusions

Competing and semi-competing risks are one of the most important issues to be addressed in the
domain of survival analysis. There can be multiple risks associated with a variable under study
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and it is important to acknowledge the presence of the same. The models thus developed give a
robust and reliable estimate, thus improving the overall perception on the study. In this paper,
from the primitive models to the latest ones that can be used in various scenarios are given, along
with their corresponding estimate calculation equations of the hazard function, survival function,
and cumulant incidence function, which are the sole concepts to be addressed while performing a
survival analysis. Censoring is another concept that goes hand in hand with survival analysis and
accommodating the same increases the proximity of performing a study in real life. Incorporating
it into the study rather than ignoring it reduces the amount of bias and thus provides a better
picture of the results. It also increases the statistical power of the analysis as the sample size
increases when we incorporate the censored data along with the completely observed ones. The
pre-existing models are thus modified based on different censoring patterns and the way in which
the models change is also explained in detail. By, making use of these models, survival analysis
will result in a more detailed, robust, and informative. They can be made useful in various fields
other than medical as we have discussed which makes the model versatile.
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