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ABSTRACT

Background: In studies of all-cause mortality, a one-to-one relation connects the hazard with the survival
and as a consequence the regression models which focus on the hazard, such as the proportional hazards
model, immediately dictate how the covariates relate to the survival function, as well. However, these two
concepts and their one-to-one relation are totally different in the context of competing risks, where the terms
of cause-specific hazard and cumulative incidence function appear. Objective: The aim of the present work
was to present two of the most popular methods (cause-specific hazard model and Fine & Gray model) through
an application on cardiovascular disease epidemiology (CVD), as well as, to narratively review more recent
publications, based on either the frequentist, or the Bayesian approach to inference. Methods: A narrative
review of the most widely used methods in the competing risks setting was conducted, extended to more
recent publications. For the application, our interest lied in modeling the risk of Coronary Heart Disease in the
presence of vascular stroke, by using the cause-specific hazard and the Fine & Gray models, two of most com-
monly encountered approaches. Results-Conclusions: After the implementation of these two approaches in
the context of competing risks in CVD epidemiology, it is noted that while the use of the Fine & Gray model
includes information about the existence of a competing risk, the interpretation of the results is not as easy
as in the case of the cause-specific risk Cox model.
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1. INTRODUCTION

Survival analysis is a set of statistical methods for ana-
lyzing the expected duration of time until one or more
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events happen, such as death. The majority of its methods
are based on the assumption that each study’s participant
is at risk of dying from only one cause, e.g., cardiovascular
disease (CVD). However, most of the time participants
are at risk of dying from more than one cause, which are
called competing risks, such as death from stroke or other
atherosclerotic disease. In addition, according to," com-
peting risks are mutually excluded events, such as death
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from different causes, since the occurrence of one of these
prevents the occurrence of any other event. In this case,
the competing risk prevents us from observing the event
of interest or modifies the probability of this event to occur.
Now, the methodology of competing risks is increasingly
being applied to the causes of death in order to be able
to calculate the probability of death broken down by the
specific causes. Such information is vital not only to inform
patients about the dangers they face, but, also to make
decisions about the treatment of the patient, how to best
allocate health resources, as well as, to understand the
long-term outcomes of chronic conditions.

The statistical analysis and the interpretation of the
results from a comparing risk setting is totally different
compared to the case of having only one event of interest.
Specifically, in the context of competing risks, in order to
have the correct estimate of the cumulative probability for
each event, the application of the appropriate statistical
methodology is required,?® while during the comparison
of the cause- specific outcomes, the effect of the compet-
ing risks should be also examined, as well as, the correct
statistical test should be chosen for the event of interest.”?
The major difference of the models used in this context, is
the fact that both the time until the first event occurs, as
well as, the type of this event is analyzed. Finally, except
for the models used for the competing risks, the exten-
sion- modification of the basic concepts and functions is
also interesting.

In the present work, theoretical issues of competing
risks are presented and discussed in relation to the 10-year
CVD risk using the ATTICA epidemiological study data, as
an application.’

1.1. Basic concepts of competing risks analysis

The fundamental principles of competing risks have
been extensively examined by many authors the past
years.'®"" Briefly, in the competing risk data, an individual
may potentially fail from any of the different types of
events, but only the time until the first failure of them can
be observed and recorded. Therefore, the observations
take the form (T, 8), where T is a non-negative random
variable indicating the failure time and & is an indicator
that either records the type of failure that occurred or
indicates that no failure has happened yet. Although only
one failure-time is recorded, there is partial information
about all types of events. For example, if two competing
risks are studied and it is known that the patient failed
from the first cause at after 5 months, then it is also known
that the patient has not presented the second event at
the same time.

The cause-specific hazard function plays a key role in
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this type of data, as does the marginal survival distribu-
tion, while the modeling of these concepts is the ultimate
goal. In the literature, there is a number of models used
in these cases, but they are differentiated as to whether
they model the cumulative or the cause specific hazard.
Specifically, one of the most well-known models used
in the classic survival analysis is that of Sir David Cox
(1972),"? particularly due to the direct interpretation of
its parameters. Of course, the Cox model is applied even
if there are competing risks, treating each one as censor-
ing against the other risks. According to Prentice et al,
the assessment of the relative risks for each specific event
(of interest and/or competing) is carried out through the
separate execution of the Cox model for each one, whereas,
due to their separate application for each cause, they are
known as cause-specific hazards models. Analogous to
the Cox model in classical survival analysis, a basic pre-
requisite forimplementing the model is the hypothesis of
proportionality, in order for the hypothesis to be assumed
that the hazard remains constant over time. Based on this
approach, Lunn & McNeil'* proposed a stratified (per event
type) Cox proportional hazards model by appropriately
rearranging the data in order to replace the multiple
cause- specific hazards models, which has been applied
by a number of researchers.'>'¢

An alternative approach is the use of the model pro-
posed by Fine & Gray."” The difference between this model
and the previous one lies in the fact that Fine & Gray's
approach is based on and goal at modeling the cumula-
tive incidence function, which is the risk of the person
experiencing the event of interest before time t'” Indeed,
within this approach, the hazards that are shaped are
referred to as sub distribution hazards. Specifically, these
two models are different in the way of managing the
people who experience a competing event and in the
way of managing them in terms of the risk set. Specifically,
the cause specific hazards model simply deletes these
individuals, while in the approach suggested by Fine and
Gray,"” these individuals remain in the risk set even after
experiencing a competing event. Thus, the risk set contains
both the individuals for whom the event of interest may
be observed, as well as the individuals for whom the event
of interest cannot be observed due to the occurrence of
a competing event. Indeed, as reported by Fine & Gray'’
as well as Andersen et al,’® the cause specific hazards
model represents the instantaneous rate of occurrence
of the event of interest at time t for those who are still
at risk before this time, while Fine & Gray'” showed the
momentary rhythm occurrence of interest at time t for
individuals who are either still at risk or have experienced
a competing event before that time.
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In addition to the aforementioned models, over the
years, there has been a significant development in the area,
which has resulted in the development and presentation
of more and more refreshed techniques. Alaa & Van der
Schaar proposed a new model of estimation based on
Gaussian processes.' Specifically, they developed a non-
parametric model based on Bayesian inference and can
be used to jointly assess the risk of multiple (competing)
negative outcomes of a patient. This model treats survival
times in the context of competing risks as a result of a
deep multi-task Gaussian (DMG) process that takes patient
characteristics into account. Using these DMG processes,
nonlinear interactions between patient characteristics and
survival times from any competing hazard can be modelled
without being based on parametric assumptions. Besides,
Bellot & Schaar?® presented a new model, the Tree-based
Bayesian mixture model, used in these cases. Specifically,
the authors proposed a new semi-parametric regression
model based on the Bayesian approach to inference, the
Hierarchical Bayesian Mixture model, in order to describe
the survival pathways in which the patient’s characteristics
affect both the assessment of the event type, as well as,
the subsequent chance of survival, through multivariate
random forests. At the same time, Zhang & Zhou?' pre-
sented a new methodology based on Bayesian inference,
named Lomax Delegate Racing (LDR). The aforementioned
approach aimed to model the survival mechanism under
competing risks and to interpret how patient characteris-
tics accelerate or slow survival time until an event occurs.
This model explains the non-monotonous effects of patient
characteristics through a number of competing risks,
while the rigid assumption of proportionality of the risks
mentioned above is gradually relaxed. The advantage of
this model is the ability to model not only censored data
but also incomplete data, both in terms of survival time
and type of occurrence event.

2. APPLICATION OF COMPETING RISKS’
MODELING

Based on the principles of competing risks theory de-
scribed above, in the following paragraph an example of
competing risks analysis is presented based on the 10-year
follow-up of the ATTICA epidemiological study.'® In the
present section the most widely known and established
methods which are used in the competing risks setting,
are used.

2.1. Description of the ATTICA study

In brief, the ATTICA study is an epidemiological survey
that was established in 2001, in Athens metropolitan area
and its primary objective was to assess the prevalence
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of CVD risk factors in the general population, to relate
the risk factors to other characteristics of the individuals
and to assess the effect of various factors on the risk of
developing CVD. The baseline sampling was performed
during 2001-2002, by trained personnel; the sample
consisted of 3,042 adults (18-89 years), of whom 1,528
were women and 1,514 men, with no clinically manifested
CVD or any other chronic disease. Various participants’
characteristics were measured at baseline examination,
i.e., demographic, social, biological, clinical, nutritional,
behavioral & lifestyle; moreover, a validated healthy aging
index (HAI), ranging from 0 to 10 and using 10 attributes
that reflect the aging process, was applied for assessing
successful ageing. The index encompasses health-related
social-, lifestyle- and clinical factors, including education,
financial status, physical activity, Body Mass Index (BMI),
depressive symptomatology, participation in social activi-
ties with friends and family, number of yearly excursions,
total number of clinical CVD risk factors (i.e., history of
hypertension, diabetes, hypercholesterolemia, obesity)
and level of adherence to the Mediterranean diet (using
MedDietScore). In 2006 and in 2012 the 5-year and 10-
year follow-up were performed, respectively. Incidence
of CVD events (Coronary Heart Disease — CHD, stroke or
any other CVD), as well as the development of hyperten-
sion, diabetes, dyslipidemia and obesity were measured
at each time-point. Details about the procedures of the
ATTICA Study may be found elsewhere.™

In the present work, we focused on the data concern-
ing the 10-year follow-up (2002-2012) of the ATTICA
Study; of the 3,042 initially enrolled participants, 2,583
were found during the follow-up (85% participation rate),
with an average age of 45.2 years (standard deviation
= 13.9 years). From those who were lost to follow-up
(i.e., n=459), 224 were not found because of missing or
wrong addresses and telephone numbers that they have
provided at baseline examination and 235 because they
denied being re-examined. In order to participate in the
follow-up all participants were initially appointed through
telephone calls, while afterwards, the investigators ap-
proached them and performed a detailed evaluation of
their medical records. For those who died, the information
achieved from their relatives, as well as death certificates.
Finally, regarding the individuals who might first suffered
from stroke and then had CHD, it was a-priori decided
the first outcome to be considered as the end-point, but
also to record the consequent event for further testing
of competing risks.

In the context of this application, we are interested
in modelling the risk of occurrence of a CVD event in the
presence of some competing risk. Specifically, our interest
lies in modeling the risk of CHD (n=306 patients) in the
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presence of vascular stroke (n=24 patients), as a function
of the various demographic and clinical characteristics of
the participants.

2.2. Results

Table 1 illustrates the results after using the Cox model
without considering the information about the existence
of the competing risk but considering the individuals who
presented a vascular stroke as censored observations (the
Results are presented as Hazard Ratios -HR, and 95% Con-
fidence Intervals — Cl). The findings presented in Table 1,
cannot be considered accurate and valid as it is not taken
into account the fact that patients can also die from the
competing risk of stroke. Nevertheless, as mentioned in
the previous sections, one can see the previous results as
an attempt to model the cause-specific risk. However, in
order to properly interpret the estimated parameters, the
risk of death from stroke should be simultaneously mod-
eled (see Table 2). It should be noted though, that in the
present work only the statistically significant predictors
are presented in Tables, and not those who are known to
be associated with the risk of death from stroke.?>?

Combining the information presented in Tables 1
and 2, it appears that older people have a higher risk of

TABLE 1. Results from Cox proportional hazards model re-
garding the risk of dying from Coronary Heart Disease, among
the ATTICA study participants.

95%
Hazard -
R Confidence p-value
Ratio
Interval
Age (per 1 year)’ 1.06%** [1.05-1.07] <0.001
Women vs. Men 0.60%** [0.47 -0.77] <0.001

Blood glucose levels

*% _
(per 5 mg/dL)? 1.02 [1.00 - 1.05] 0.030

Metabolic syndrome,

*¥ _
No vs. Yes* 0.73 [0.57 - 0.95] 0.016

Healthy Aging Index

*¥ _
(per 1 unit)® 0.57 [040-080]  0.002

Note: Results are based on the Cox proportional hazards model which
treats stroke patients as censored observations. (*** p <0.001, ** p <0.05)

TABLE 2. Results from Cox proportional hazards model re-
garding the risk of dying from stroke, among the ATTICA study
participants.

Hazard Ratio  95% Confidence Interval

Age' 1.06%**

p-value

[1.04-1.10] <0.001

Note: Results are based on the Cox proportional hazards model which
treats patients with CHD as censored observations. (*** p <0.001)
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developing CHD, but also a higher risk of vascular stroke.
On the other hand, it is worth noting that while the sex
of the patients, their blood glucose levels, the metabolic
syndrome and the healthy aging index are significantly
associated with the hazard of CHD, they do not appear to
be associated with the risk of stroke. It therefore appears
that the correct interpretation of the results in the context
of the competing risks requires a simultaneous reference
both to the risk of CHD and to the risk of stroke.

The second most common approach to these situations
is the use of the Fine & Gray model (1999) presented above.
The advantage of this approach to the former is the fact
that, unlike cause-specific hazards, there is a one-to-one
match between the hazard and the cumulative risk for
the respective types of events. In the present case this
means that the cumulative risk of CHD is only a function
of the underlying risk of this event and not of the stroke.
In Table 3 the results of this model are illustrated; it is
observed that the same predictors were found as in Table
1. However, what is changing is the interpretation of the
parameters. Specifically, in the case of the HAl where the
HR was found to be 0.62, this means that for an increase
of the index by 1 unit, the hazard of dying from CHD is
reduced by 38%, if-and-only-if the patient still has it. This
implies that interpretations of the parameters now refer
to both those who have not had CHD and those who
have died from the competing risk of vascular stroke. In
practice, the previous result could be interpreted as that
the 1-unit increase in the HAI is significantly associated
with a reduction in the hazard of dying from CHD by
about 40% among people still living or among people
who have already died by vascular stroke. Therefore,
after the implementation of the two most commonly

TABLE 3. Predictors of the risk of dying from Coronary Heart
Disease; results from the Fine and Gray model

95% p-value
H;az;:)d Confidence
Interval

Age (per 1 year)’ 1.06%** [1.05-1.07] <0.001
Women vs. Men 0.61%** [0.48 - 0.76] <0.001
Blood glucose levels o 0.030
(per 5 mg/dL)? 1.003 [1.00-1.03]
L/lj?sb\c;gsc“syndrome, 0.64%%% (057-081] <0.001
Healthy Aging Index 0.62%* [0.45 - 0.70] 0.003
(per 1 unit)® ’ ’ ’

Note: HR = Hazard Ratio, Cl = Confidence Interval. 2Reference level:
Male, “Reference level: Yes, *Hazard Ratio is presented for an increase
by 5 mg /dL, "Hazard Ratio is presented for 1-year increase in age and
for 1 index increase (*** p <0.001, ** p <0.05).
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encountered approaches in the context of competing
risks in CVD epidemiology, it is noted that while the use
of the Fine & Gray model includes information about the
existence of a competing risk, the interpretation of the
results is not so easy and accessible, as in the case of the
cause-specific risk Cox model.

3. CONCLUSIVE REMARKS

In the present article the competing risks methodol-
ogy was presented, starting with the most widely known
analytical approaches and extended to more recently
proposed methods. The majority of the scientific com-
munity uses either the cause- specific hazard model or
the Fine & Gray model whenever there are two or more
competing events, which are two of the most well estab-
lished analytical approaches. When the results are based
on the first approach, their interpretation is straightfor-
ward, while they are not interpreted in such an easy way
when the Fine & Gray model is being used. Both models
account for competing risks and offer the opportunity
of modeling the effect of covariates on different hazard
functions. However, the second model described as a CIF
(Cumulative Incidence Function) regression model, makes
explicit the link between the sub- distribution hazard and
the effect on the incidence of an event. That is, one may
directly predict the cumulative incidence for an event of
interest using the usual relationship between the hazard
and the incidence function under the proportional hazards
model. Thus, the sub- distribution hazard model allows
one to estimate the effect of covariates on the cumulative
incidence function for the event of interest.

Given the availability of statistical software, analysis of
cumulative incidence function has become increasingly
popular and widely reported in recent years. CIFs can be
estimated in R using the cuminc function in the cmprsk
package, while sub- distribution hazard models can be
fit in R by using the crr function in the cmprsk package.
In addition, in SAS, PROC PHREG permits estimation of
sub- distribution hazard models through the use of the
‘eventcode’ option in the model statement, as well as, in
Stata, the stcrreg function permits estimation of sub- dis-
tribution hazard regression models. As far as the cause-
specific hazards models, they can be fit in any statistical
software that permits estimation of the conventional Cox
proportional hazards model, by simply treating those
subjects who experience a competing event as being
censored at the time of the occurrence of the competing
event.In R, one can use the coxph function in the survival
package, in SAS, one can use PROC PHREG, while in Stata,
one can use the stcox function.
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As illustrated in our application, when it comes to
regression modelling, we have to choose whether our
conclusions should focus on cause-specific hazards or
on cumulative incidences. Cause-specific hazards models
based on Cox regression, while they are easy to fit and
provide simple interpretations, they do not provide sim-
ple relationships between the covariates and the easier
interpretable cumulative incidences. Such relationships
are obtained by the Fine & Gray model but the interpreta-
tion of the parameters is much more difficult. One major
difference between these two approaches is the risk set.
More specifically, the risk set of the second approach is
consisted of people who are either still living or they have
already died by the competing event. However, over the
years, there has been a significant development in the
specific field, which has resulted in the development and
presentation of more refreshed techniques, based either on
the frequentist or on the Bayesian approach to inference.

Therefore, when deciding on how to make inference
in a competing risks situation the aforementioned prop-
erties as well as the assessment of model fit, should be
keptin mind. Both rates and risks for all competing events
remain useful and tend to supplement each other when
studying models for competing risk. However, cause-
specific hazards may be more relevant when the disease
etiology is of interest, while cumulative incidences are
easier to interpret and are more relevant for the purpose
of prediction.

4. RECOMMENDATIONS

Researchers need to decide whether the research
objective is on addressing etiologic questions or on esti-
mating incidence or predicting prognosis.

Cumulative incidence functions (CIFs) should be used
to estimate the incidence of each of the different types
of competing risks, while the Kaplan-Meier estimate of
the survival function should not be used for this purpose.

Fine-Gray sub- distribution hazard model should be
used the when the focus is on estimating incidence or
predicting prognosis in the presence of competing risks,
while cause-specific hazard model should be used when
the focus is on addressing etiologic questions.

Finally, in order to permit a full understanding of the
effect of covariates on the incidence and the rate of oc-
currence of each outcome, in several cases, both types of
regression models should be estimated for each of the
competing risks.
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AvAAUOT AVTAYWVICTIKWYV KIVOUVWVY oTNV EMONMIOAOYia TwV KapSiayyElaKwy
voonudatwyv; H mepimtwon tng pehétng ATTIKH (2002-2012)

Owudg Tolapmainig, AnpooBévng MavaylwTtakog

Tunua Emotriunc Ataitodoyiag - Aiatpo@ric, ZxoAr Emotnuwv Yyeiac & Aywyrig, Xapokdmeio MavemoTtriuio,
AbBriva

YnoBadpo: 211 peréteg Bvnoludtntag amd omoladnmote artia, n empBiwon cuvoéeTal pe ToV KivOuvo UE pia
€VO-TIPOG-€Va OXE0N KAl WG EK TOUTOU Ta HOVTENA TTAAIVOPOUNCNG TIOU ETTIKEVIPWVOVTAL OTN UEAETN TOU KIV-
SUvou euPAvioNng eVOC YEYOVOTOC, OTTWE TO LOVTEAO TWV AVAAOYIKWVY KIVOUVWY, UTTAYOPEUOUV AUECA KAl TOV
TPOTIO E TOV OTToi{0 Ta S1dPOoPa ATOIKA Kal TTANBUCHIAKA XOPAKTNPIOTIKA cuoXetiovTal Pe TNV emfBiwon.
MapdéAa autd, ol TapPTAVW EVVOILEG KAl N aX€onN TToU TIG oLVOEEL AANACEL OTNV TTEPIMTTWON TWV AVTAYWVIOTIKWY
Kiv&Uvwy, 61ou Kat epgavifovtal ot 6pol Tou eEe1SIKEVEVOU KIVOUVOU Kal TNG aBpOoLoTIKAG EMMTWOoNG. £Ko-
no¢: H mapouciaon Vo amod Tig mmo dnuo@iAeic mpooeyyioelg (cause-specific hazard model and Fine & Gray
model), péoa amd tnv epappoyr] Toug oTnV emMdnuioloyia Twv KapSlayyEIOKWY VOO UATWY, KaBWE Kal n Ta-
pouaciaon 1Mo TPOCPATWY SNOCIEVCEWY BACICUEVWY EITE OTNV KAAOOIKN, EiTte 0T Mmeb{lavr Tpoogyylon otn
ouunepacpatoloyia. MéBodot: H clvOeon tng BipAoypagiag mepAapBAVEL TIC TTIO SNUOPIAEIC TTPOCEYYIOELG
HOVTENOTIOINONG OTO TMAGICLO TWV AVTAYWVIOTIKWV KIVOUVWY, VW TTAPANANAA ETTEKTEIVETAL KAL GE TTIO TTIPOOPA-
TEC ONUOCIEVOELG, TOOO 0TA MAAICIA TNG KAAOOIKAG 600 Kal TG Mmeb{lavig oTATIOTIKAG. Ma TV Epappoyn, To
€VOLAPEPOV HAG ETIIKEVTPWVETAL OTN HOVTEAOTIOINON TOU KivoUvou Bavdtou amé tn ote@aviaia vooo uméd tnv
TTAPOUCIA AYYEIAKOU EYKEPAANIKOU ETIEICOSIOU, XPNOILOTIOIWVTAG TO POVTENO EEEIOIKEVUEVWV KIVOUVWY KABWE
Kal To HovTéNO TwV Fine & Gray, 500 amo TIG TTLO KOIVECG TIPOOEYYIOELG OTNV EMONUIOAOYia TwWV KapSlayyElaKWY
voonudtwyv. AmoteAécpata-Zupnepaopara: Emerta and tnv epappoyn Twv SV auTtwy Pooeyyioewv, a&ilel
va oNUEWOE] TWE evw TO pHovTéNo Twv Fine & Gray cuumepAapBAvel Tnv TANPO@OPIa OXETIKA e TNV UTTapEn
AVTAYWVIOTIKWV KIVOUVWY, N EPUNVEIN TWV ATTOTEAECUATWY EiVal APKETA ATTAITNTIKI KAl SUGKOAN.

AEZEIX KAEIAIA: avtaywvioTikol Kivduvol, auvTaywVIOTIKA yeyovoTta, Kapdlayyelakd voonuata, emdnuiolo-
yia, avaAuon emBiwoncg, Mmeu{iavn otatiotikn, uéytotn mbéavopaveia
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