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Comparison of Five Survival Models:
Breast Cancer Registry Data from
Ege University Cancer Research Center

Bes Sagkalim Modelinin Kargilastirilmasi:
Ege Universitesi Kanser Arastirma Merkezinden
Elde Edilen Meme Kanseri Kayitlarina Ait
Veriler

ABSTRACT Objective: In this study, we aimed to compare the results of the survival analysis of the
patients with breast cancer using Weibull, Gamma, Gompertz, Log-Logistic and Log-Normal para-
metric models. Material and Methods: The data obtained from 5457 patients with breast cancer
from Ege University Cancer Research Centre between 1992 and 2007 was used in this study. The
patients were divided into two groups with respect to their ages, they were divided into two groups
as 49 and below and 50 and above. The Log rank test was applied to compare the survival curves of
the two age groups obtained by Kaplan Meier method. A survival analysis was conducted by using
Weibull, Gamma, Gompertz, Loglogistic and Lognormal distribution of parametric models. Results:
Survival curves of two groups were compared by using a log-rank test and no statistical significant
difference was found between the two groups. In the analysis of the survival periods using para-
metric models, the age variable is taken as the covariate. To determine the best model among para-
metric models, Akaike Information Criteria (AIC) was exploited. The results of the study revealed
that the survival model found by the Gompertz distribution was the most appropriate one. Con-
clusion: By using AIC, the models obtained via Weibull, Loglogistic, Lognormal, Gamma and Gom-
pertz were compared and the most suitable model for the obtained data distribution was determined.
Although the AIC values for the five distributions in question were very close to each other, the
Gompertz distribution, which had the lowest AIC value, was determined as the most suitable model.

Key Words: Survival analysis, breast neoplasms, Weibull distribution, Loglogistic distribution,
Lognormal distribution, Gamma distribution, Gompertz distribution

OZET Amag: Bu galismada meme kanserli hastalara ait sagkalim analizlerinin sonuglarim1 Weibull,
Gamma, Gompertz, Log-Logistic ve Log-Normal parametrik modelleri kullanarak kargilagtirmay1
amagcladik. Gereg ve Yéntemler: Calismada Ege Universitesi Kanser Arastirma Merkezi’ nde kayit-
11 1992 ile 2007 yillar1 arasindaki 5457 meme kanserli hastadan elde edilen veriler kullanilmistar.
Hastalar 50 yas ve tistiindekiler ile 50 yas altindakiler olmak tizere iki gruba ayrildilar. Kaplan Me-
ier metodu ile elde edilen iki gruba ait sagkalim egrileri kargilastirilirken Log rank testi uygulanmis-
tir. Meme kanserli hasta verileri ile birlikte Weibull, Gamma, Gompertz, Loglogistic and Lognormal
parametrik modelleri kullanilarak bir sagkalim analizi yapilmistir. Bulgular: Iki grubun sagkalim eg-
rileri long-rank testi kullanilarak karsilagtirilmas, istatistiksel olarak anlaml fark bulunmamugtir.
Parametrik testler kullanilarak yapilan sagkalim siirelerinin analizinde, yas ortak degisken olarak
ele alinmigtir. Parametrik modeller igerisinde en iyi olani belirlemek iizere Akaike Bilgi Kriteri
(ABK)'nden faydalanilmistir. Caligma sonuglar1 Gompertz dagilimi ile bulunan sagkalim modelinin
en uygunu oldugunu ortaya koymustur. Sonug: ABK kullanilarak Weibull, Loglogistic, Lognormal,
Gamma ve Gompertz ile elde edilen modeller kargilagtirilmis ve elde edilen veri dagilimi igin en uy-
gun model ele alinmistir. S6z konusu bes dagilim hakkindaki ABK degerleri birbirine ¢ok yakin
bulunmus ve ABK degeri en diisiik olan Gompertz dagilimi, en uygun model olarak degerlendiril-
mistir.

Anahtar Kelimeler: Sagkalim analizi, meme tiimérleri, Weibull dagilimi, Loglojistik dagilim,

Lognormal dagilim, Gamma dagilimi, Gompertz dagilimi
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reast cancer is the most frequent cancer in
Bwomen while it is the second one in all hu-

mans. Although its prevalence changes in
different societies, it is known that one out of 8-10
women in Western society would have breast can-
cer during her lifespan. The mortality rate of bre-
ast cancer was calculated as 3%. The prevalence of
the disease is especially higher in North American
and European countries than the rest of the world.!

Although 796 000 breast cancer cases and 314
000 deaths due to the disease are detected in a study
conducted by the World Health Organisation
(WHO) in 1990, 1 152 000 new cases and 411 000
deaths are detected in a study, conducted by the
International Agency on Cancer for Research
(IARC) under WHO administration in 2002. In this
period of time, the incidence and mortality rates of
breast cancer increased by 25%. The mortality ra-
te of breast cancer is around 9.7%. Of all breast
cancer cases, only 1% are men. According to all
phases of the disease, the five-year survival rate has
been reported as %73 in developed countries and
%053 in developing countries. The significant diffe-
rence between these two values can be explained
by early diagnosis via mammography scans and
better treatment in developed countries. Breast
cancer mortality rate is 30% (190 000 deaths/636
000 cases) in developed countries; and 43% (221
000 / 514 000 cases) in under-developed countri-
es.? According to the present data in our country, a
prevalence of 20/100 000 for Eastern regions and
40-50/100 000 for Western regions may be deter-
mined.? The reason for this difference in the preva-
lence is the resemblance of the Western region’s
lifestyle to the Europeans. One of the four cancer
types nests in breasts, and breast cancer is the ma-
in cause of death due to cancer.*

The factors that increase the risk of breast can-
cer are age over 50 years, presence of a close rela-
tive having breast cancer (if mother or sister has
breast cancer the risk is multiplied by 2 or 3), anot-
her cancer being ascertained in the other breast,
beginning of menstruation before age 12, absence
of any pregnancies, and continuing to menstruate
after age 50. In breast cancer where age is an im-
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portant factor, 70% of the women diagnosed are
over 50.5

This study aimed to compare the results of the
survival analysis of the breast cancer patients by
using Weibull, Gamma, Gompertz, Log-logistic and
Log-Normal parametric models. Before conducting
the parametric modelling, the patients were divi-
ded into two groups as 49-and-lower and 50-and-
over, based on the critical age 50 for the breast
cancer patients, and their survival rates were calcu-
lated using the Kaplan Meier Method.

I MATERIAL AND METHODS

The data used in this study are obtained from Ege
University Cancer Research Centre (EUCRC). The
data used in the analyses belong to 5457 breast can-
cer patients who were diagnosed between 1992 and
2007. The patients were divided into two with re-
spect to their ages as 49-and-lower and 50-and-
over. The Log rank test was applied to compare the
survival curves of the two age groups obtained by
Kaplan Meier method. The survival analysis was
conducted by using Weibull, Gamma, Gompertz,
Loglogistic and Lognormal distribution of para-
metric models.

In order to determine the most suitable distri-
bution to the survival periods, the accelerated fail-
ure time form of the Weibull, Lognormal,
Loglogistic and Gamma distributions and the pro-
portional bazard form of the Gompertz distributi-
on were used. The models obtained via these five
distributions were compared using the Akaike In-
formation Criteria (AIC) and the most suitable mo-
del to the distribution of the data was determined.

LOGNORMAL DISTRIBUTION

The skewed distributions, where the average valu-
es are low, variances are high and the values are
not negative such as the diversity of species, the
distribution of the minerals in the crust of the
earth, generally accord with Lognormal distributi-
on. The lognormal distribution, related to the nor-
mal distribution but having the hypothesis that the
random variable may only get positive values is
usually used for economic data, the response data of
the stimulant biologic materials, most types of sur-
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vival data, distribution of the repair time of hard-
ware, financial researches and studies on stock pri-
ces. When the examples of use of the lognormal
distribution are examined, it is seen that among
these examples there are geology, metallurgy, he-
alth, environment, atmospheric sciences, aerobio-
logy, microbiology, plant physiology, ecology, food
technology, linguistics, social sciences and econo-
mics.®

The theory of the lognormal distribution was
characterised by McAlister in 1897. There is accor-
dance to the lognormal distribution in many ex-
amples in the area of medicine. The studies on
determining the survival in cancer, the studies of
Sartwell on the length of the incubation time of the
infectious diseases and the studies by Horner to de-
termine the beginning age of the Alzheimer’s dise-
ase may be among the examples of the medical
studies.®’” Gaddum, with applications in biology,
and Boag, with his studies on cancer have taken
their place in literature.®? In 1957, the history of
the lognormal distribution, its features, estimation
problems and its use in economics were examined
in detail. By other researchers, the survival period
distributions of Hodgkin’s disease and many other
diseases, like chronic leukemia, wereanalyzed via
lognormal distribution, which is positively skewed
and with survival period logarithms distributed
normally.!

Tai et al. analyzed the limited-stage small-cell
lung cancer patients with Kaplan-Meier curves,
Cox proportional hazard model, Boag log-normal
(cure-rate model) model and log-normal survival
analysis methods.!! Feinleib and MacMahon, in a
study conducted on chronic lymphocytic and mye-
olocythic leukaemia patients, applied the lognor-
mal distribution on chronic lymphocytic and
myeolocythic leukaemia diagnosed in Caucasian
patients lived in Brooklyn between 1943 and
1952.12

LOGLOGISTIC DISTRIBUTION

If the mortality ratio in a life analysis slowly dec-
reases after it reaches to a maximum point over a fi-
nite period, it is suitable to use a non-monotonic
failure rate distribution model on the life and lost
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time. For instance, in a study conducted on the cur-
ability of breast cancer, Lansgland found that the
maximum point is reached in three years."

In some of the data sets, it appeared that it is
important to do analysis using suitable models such
as lognormal, reverse gauss, loglogistic and Burr
Type XII. However in cases where one comes ac-
ross to censored data, using loglogistic distribution
is mathematically more advantageous than other
distributions. According to the study of Gupta et
al, the loglogistic distribution is proved to be suit-
able in analysing survival data conducted by Cox,
Cox and Oakes, Bennet, O’Quinley and Struthers.
Gupta et al. used loglogistic distribution in survival
analysis on lung cancer data in their studies. In the-
ir research, they estimated the point where the
mortality ratio reached maximum level. They esti-
mated the parameters of the distribution using the
maximum likelihood estimate and bootstrap meth-
ods and they observed the proximity of the re-
sults.'

A study conducted by Byers in 1988 on the
spreading ratio of HIV virus in San Fransisco bet-
ween 1978 and 1986 indicated that loglogistic was
the most suitable model among many distribution
models to use with half censored data.’® A study
Zhou et al. conducted in 2007 emphasized that the
maximum likelihood estimation was the most sui-
table method in estimating the parameters when
performing analyses using loglogistic distribution
on grouped data such as half-censored data.'®

Loglogistic distribution is a continuous distri-
bution for the random variable which is not nega-
tive in probability and statistics. Loglogistic analysis
is used as a parametric model survival analysis whe-
re the ratio increases at the very beginning and la-
ter decreases.!

WEIBULL DISTRIBUTION

Weibull distribution which is a generalised version
of the exponential distribution is widely used in
modelling weather forecasts in meteorology, and
defining the distribution of wind speed in radar
modelling. Weibull distribution is preferred for
performing survival data analysis in industrial en-
gineering issues.”” When the implementations in
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the discipline of medicine are examined, one may
see that Weibull distribution is an important dis-
tribution model used in medicine since it is an fle-
xible distribution that allows a monotonous
increasing and decreasing of mortality ratio in pa-
tient groups. In a study carried out by Viscomi et
al., the distribution of the survival period of child-
hood leukemia patients was analysed using the
Weibull distribution.'®

The correlation between the data and some dis-
tributions, including the Weibull distribution, is tes-
ted by Anderson-Darling test."” In a study conducted
in Italy on the nationwide estimation of the cancer
patients, some estimations were made for defining
the parameters of the Weibull distribution.”

GAMMA DISTRIBUTION

Gamma distribution, for its compliance with the
patient data, is a suitable distribution to use in sur-
vival distribution models. Additionally, it is used
in queue systems, in raw material flow between
manufacturing and deployment lines, in modelling
the loads of the web service providers and risk ma-
nagement. When its use in the discipline of medi-
cine is considered, it is seen that this distribution
model is used in cirrhosis and chronic hepatitis pa-
tients. In a study conducted in 1983 on images ob-
tained via hepatography in healthy adults by Galli
et al,, and in a thrombocyte survival study by Bo-
lin et al. in 1986 this method was used.?'”? Poon et
al., used non parametric methods to assess the rela-
tionship between survival period (months) of the
patients with nasopharyngeal tumor and different
clinical characteristics in their study.?

The exponential distribution, which is a speci-
al version of the Gamma distribution, is used in
cancer survival models.”* In 1966 Zelen used the
exponential distribution to model the survival pe-
riods in a study where he tried to develop a cure
for cancer on a L1210 animal leukemia system.” In
most of the clinical studies, the exponential model
is used in defining the tumor development.” The
exponential model is used in a study by Dewals and
Bouckaert in 1985 on carrier bacteria and in a study
by Sankrithi et al. in 1991 on nationwide infant de-
aths.?728
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GOMPERTZ DISTRIBUTION

Gompertz model, used frequently by medical rese-
archers and biologists in modelling the mortality
ratio data, was formulated by Benjamin Gompertz
in 1825. Gompertz is a growth model and has been
used in relation with tumor development. Ahuja
and Nash showed that Gompertz distribution was,
with a simple conversion, related to some distribu-
tions in the Pearson distributions family.?

According to Jaheen, Garg et al. obtained the
maximum likelihood estimations of the Gompertz
distribution parameters and Osman, in order to de-
rive the composite Gompertz distribution which is
assumed to accord with the Gamma distribution
with one of the two parameters being random, used
a Gompertz distribution with two parameters, wor-
ked on the features of the distribution and offered
that it should be used in modelling the lifespan da-
ta analysing the survival ratio in heterogenic mas-
ses. Recently, some research and studies have been
carried out on Gompertz distribution by Al-Hussa-
ini et al.*®

The hazard functions [h(x)], probability den-
sity functions [f(x)] and survival functions [S(x)] of
the most frequently used parametric models, na-
mely the Weibull, Gamma, Gompertz, Loglogistic
and Lognormal distributions are given in Table 1.3!

Parametric survival models are statistically
more powerful than non-parametric or semi-para-
metric models. Two models used for correction of
the covariate’s effect on the survival function are
accelerated failure time (AFT) and proportional ha-
zard (PH) models.?

In AFT model, the natural logarithm of the
survival period In(t) is explained by a linear func-
tion of the covariatesas In?, =x,8+z,. Here, X
is a vector of the covariates, f3 is the regression co-
efficient and z ; is the error which has the density
of (). The distribution of the error term defines the
regression model. For instance, if f( ) is a normal
density function, the lognormal regression model,
if f( ) is a loglogistic density, the loglogistic regres-
sion model is obtained. The effect of the AFT model
is the change in the time scale by the exp(—x,/5)
factor. With relation to these factors being greater

Turkiye Klinikleri ] Med Sci 2010;30(5)
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TABLE 1: The hazard functions, probability density functions and survival functions for the parametric distributions.

Distribution Parameter h(x) fx) S(x)
A>0 .
Weibull Aax®! Aox® exp(—Ax%) exp(—Ax”)
a>0
ax®' A oax“ 1 1
Loglogistic a,A>0 1+ Ax® - .
E e ae] v
/() exp| L[ 10x=#) I
Lognormal a>0 — P 2 (o 1—(D|: al ﬂ:|
S(x) o
x(27)"* o
A>0 A y)
Gompertz #E (—o0,00) Aexp(ax)| Aexp(ax)exp p” (1—exp(ax)) exp {_ (1 s )}
o
f(x) A’ x*" exp (—ﬂx“ )
Gamma o, B, A>0 — 1-1] Ax*, B
S(x) r(p) [ ]

TABLE 2: The survival functions related to the AFT and PH models for the five distributions used.

Distribution Metric Survival Function Parametric Expression  Ancillary Parameter
PH exp(-4,1;) A, =exp(x,8) p
Weibull
P
AFT exp(—/ljtj) A, =exp(—pxj,6’) »
Gompertz PH exp{—ﬂj y! (e”" - 1)} ﬂj =exp (xjﬂ) 4
In(#,)—u,
Lognormal AFT 1-® {L} ;= xj,B o
o
. )™
Loglogistic AFT {1 + (ﬂjtj ) } ﬂj =exp (—xjﬁ) V4
Gamma K >0 AFT 1—1(/1,14) uj=xj,3 o,K
Gamma k=0 AFT 1-®(z) U, =x,p o,k
Gamma k<0 AFT I(}/,u) ,uj:xjﬂ o,K

or smaller than 1, the time becomes accelerated or
decelerated.

In PH model, the covariates have a proportio-
nal effect on the hazard function. In the function,

h(t;)=hy(1)g(x;), hy(f) is the basic hazard

Turkiye Klinikleri ] Med Sci 2010;30(5)

function, &(X;) is a non-negative function of the
covariates and expressed as g(x;) = exp(x, /). The
survival functions related to the AFT and PH mo-
dels for the five distributions used in the analyses
are summarised (Table 2).3
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When comparing the models related to the bre-
ast cancer patient data and determining the most su-
itable model to the distribution of the data, the
Akaike information criteria (AIC) is used.** AIC sug-
gested by Akaike in 1974, is an information assess-
ment criteria for comparing the models.* The AIC

value is calculated as 4IC = —2(loglikelihood) + 2(c + p +1).

In this formula, c is the number of the covariates in
the model and p is the parameter number.

The analyses were conducted using the STA-
TA (version 10.0) statistical software.

I RESULTS

Analysis of gender distribution of the 5698 breast
cancer patients revealed that 95 (1.7%) of them
were men and 5568 (98.3%) of them were women.
When the survival periods were examined, it was
seen that there were 146 missing observations.
Missing observations and the data of the male pa-
tients were excluded from the analysis. Data re-
vealed that 149 of the patients (2.7%) had died.
The average age of the 5457 female patients diag-
nosed as breast cancer was calculated as 51.70 =
12.48 years. When the diagnosis methods of the
patients were examined, it was seen that 5279 of
them (96.7%) diagnosed by biopsy of primary, 68
of them (1.2%) by metastasis, three of them (0.1%)
were diagnosed at autopsy, 46 of them (0.8%) were
diagnosed by cytology/haematology, and 45 of
them (0.8%) were diagnosed in a clinical research
before 2006. The diagnosis method of 16 patients
was registered as unknown. The tumor was loca-
lized in mamilia/areola region in 117 of them
(2.1%), 128 of them (2.3%) had tumor in the mid-
dle part of the breast, 381 of them (7%) had tumor
in the upper inner breast quadrant, 212 of them
(3.9%) had tumor in the lower inner breast quad-
rant, 1814 of them (33.2%) had tumor in the upper
outer breast quadrant, 291 of them (5.3%) had
tumor in the lower outer breast quadrant, 14 of
them (0.3%) had tumor in the breast’s axillary no-
de, 718 of them (13.2%) had an extensive lesion in
the breast, 1767 of them (32.4%) had tumor in an
unknown position in the breast, 13 of them (0.2%)
had tumor in labium majus, one of them had
tumor in endocervix and one of them in endomet-
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rium. Five thousand forty seven of the patients
(96.1%) received treatment, 96 of them (1.8%) did
not receive any treatment, and one of them recei-
ved symptomatic treatment. The treatment condi-
tions of 114 patient (2.1%) were unknown. In the
studies conducted, it is set forth that breast cancer
increases during the active productive phase until
menopause and shows a proportional decrease af-
ter ages 50-55.% Similar studies show that, in men
the prevalence of breast cancer is approximately
1.0%.3¢ This research group has findings pertinent
to the literature.

The patients were divided into two groups; 49-
and-lower (agel) and 50-and-over (age2). Sixty
seven of 2589 (2.6%) patients <49 years of age and
82 of 2868 (2.9%) patients >50 years of age of died.

In the survival function graph obtained by Ka-
plan-Meier which is a non-parametric technique, it
is seen that the estimated survival probability of the
49-and-lower group patients was higher than the
one estimated in the 50-and-over group (Figure 1).
As a result of the log rank test used in comparison
of the survival curves belonging to different age
groups, it is observed that there was no any statis-
tically significant difference between the survival
curves of the breast cancer patients in 49-and-lo-
wer and 50-and-over groups (1” =2.11, p=0,1459).

The hazard function graphs for age groups,
created in accordance with Lognormal, Loglogistic,
Weibull, Gamma and Gompertz distributions are

Kaplan-Meier survival estimates

0.50 0.75 1.00
1 1 1

0.25
!

0.00
1

o

T T T T
50 100 150 200
analysis time

‘ agel =1 agel1=2

FIGURE 1: Kaplan -Meier survival estimates.
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FIGURE 2: The hazard functions related to five distributions used in the study.

given in Figure 2. When the hazard function
graphs obtained as a result of the analyses conduc-
ted are examined, it is seen that the mortality risk
of the 49-and-lower group patients are lower than
the ones in the 50-and-over group (Figure 2).

The survival function graphs for age groups,
created in accordance with Lognormal, Loglogistic,

Turkiye Klinikleri ] Med Sci 2010;30(5)

Weibull, Gamma and Gompertz distributions are
given in Figure 3.

When the survival function graphs are exami-
ned, it is observed that the survival probability of
the patients in the 49-and-lower group is higher
than the ones in the 50-and-over group. The graph
of the Gompertz model exhibits more clearly the
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Gompertz regression

Weibull regression
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FIGURE 3: The hazard functions related to five distributions used in the study.

curvilinearity observed in the Kaplan-Meier curve
(Figure3).

When analysing the survival periods using pa-
rametric models, the age variable is taken as the
covariate. The parameter obtained as a result of the
analysis, the loglikelihood and the AIC values are
presented in Table 3. As lower values of AIC sug-
gest a better model, the model obtained by using
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Gompertz model is determined as the most suitab-
le model for the 49-and-lower and 50-and-over
groups among five models.

The time ratio (TR) values were calculated as
a result of the AFT function and the hazard ratio
(HR) values were calculated as a result of the PH
form and their confidence intervals were given.
The time ratio and hazard ratio values obtained for

Turkiye Klinikleri ] Med Sci 2010;30(5)
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TABLE 3: Parameter, loglikelihood and AIC values.
Parameter Weibull Lognormal Log-logistic Gompertz Gamma
Age -0,182 -0,156 -0,178 0,239 -0,187
Constant 6,311 7,305 6,233 -7,237 6,193
Angcillary 0,822 2,117 0,806 0,012 0,423
Loglikelihood -722,009 -734,432 -722,853 719,377 721,294
AIC 1450,018 1474,863 1451,706 1444,753 1450,588

all distributions related to the age variable were not
found statistically significant (p>0.05). This shows
that the age variable does not pose a risk factor for
breast cancer patients (Table 4).

I CONCLUSION

In this study, we aimed to compare the results of
the survival analysis of breast cancer patients using
Weibull, Gamma, Gompertz, Loglogistic and Log-
normal models. The data obtained from EUCRC be-
tween 1992 and 2007 were used. The data used in
this study comprises of only female patients’ data.

In conclusion, as a result of the analyses depen-
ding on the parameter estimates, age variable was
not found as a risk factor. By using AIC, the mod-
els obtained via Weibull, Loglogistic, Lognormal,
Gamma and Gompertz models were compared and
the most suitable model for the obtained data distri-

TABLE 4: TR and HR values for age in five distributions.
Distribution TR{95%Cl) p-value

Weibull AFT 83 (.64 1.09) .180
Lognormal AFT 86 (.63 1.17) .324
Loglogistic AFT .84 (.64 1.10) 196

Gamma AFT 83 (.64 1.08) 162
Distribution HR {95%Cl) p-value
Gompertz PH 1.27 (.92 1.76) 148

bution was determined. Although the AIC values of
the five distributions in question were very close to
each other, the Gompertz distribution, which had
the lowest AIC value, was determined as the most
suitable model. It was concluded that the Gompertz
distribution model was more suitable for these sur-
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