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Abstract

Background & Objectives: Gastric cancer is the second leading cause of cancer death worldwide and is the
most common type of cancer in Iran. The objective of this paper is to apply the additive hazards models to the
study of survival of patients with gastric cancer and to compare results obtained by the additive hazards models
and the Cox model. Methods: We retrospectively studied 213 patients with gastric cancer who were registered
in one referral cancer registry center in Tehran, Iran. Age at diagnosis, sex, presence of metastasis, tumor size,
histology type, lymph node metastasis, and pathologic stages were entered into analysis using the Cox model and
additive hazard models. To visualize a covariate effect over time, the estimated cumulative regression function
by the Aalen’s model is examined. Results: The five-year survival rate and the median life expectancy in the
studied patients were 14.6% and 29.6 months, respectively. Multivariate Cox and Additive hazards models
analysis identified that age at diagnosis, tumor size and pathologic stage were independent prognostic factors
for the survival of patients with gastric cancer (P<0.05). Moreover, pathologic stage has a late or delayed effect
according to the Aalen’s plot. Other clinicopathological characteristics were not statistically significant (P>0.05).
Conclusion: Since Cox and additive models give different aspects of the association between risk factors and
the study outcome, it seems desirable to use together to give a more comprehensive understanding of data. Our
results also suggest that early detection of patients in younger age and in primary stages is important to increase

survival of patients with gastric cancer.
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Introduction

Gastric cancer (GC) is the fourth most common cancer
and the second leading cause of cancer-related death in
the world. A 2005 analysis of the global incidence and
cancer-related mortality revealed that 934,000 new cases
of GC were diagnosed and approximately 700,000 patients
died from this disease in 2002 (Parkin et al., 2005).
Approximately 60% of all cases occur in developing
countries with the highest rate in eastern Asia (Jemal et
al., 2006). Although its incidence has been decreasing in
the West for the last 20-30 years, incidence of GC has
remained high in some Eastern countries (e.g., China,
Korea, and Japan) (Yang, 2006; Chen et al., 2008). In Iran,
the incidence is around 7300 cases per year, which is the
most common cancer in men. Mortality from GC is also
the first cause of death due to cancer in both sexes in Iran
(Movabhedi et al., 2009). Given to the low rate of 5-year
survival of patients with GC, identification and control of
risk factors remain the most effective means of prevention
(Gonzalez et al., 2002).

In survival analysis major interests are to compare the
failure time distribution function or to assess covariate
effects on survival via appropriate hazards regression
models. The Cox proportional hazards model is the
most widely used model in survival analysis, offering
researchers great flexibility in the analysis of time to event
data (Cox, 1972). Most published prognostic studies of GC
used the Cox proportional hazards (PH) model (Binquet et
al.,2009). In 1990s, Altman et al. reported that, although
the vast majority of multivariable analyses of survival in
different cancers used the Cox’s PH model, only about
5% of these studies tested the underlying PH hypothesis
(Altman et al., 1995). Other authors seemingly accepted
a priori this crucial assumption, which postulates that
the impact of a prognostic factor on survival remains
constant over the entire follow-up (Binquet et al., 2009).
Nevertheless, the PH assumption may be often incorrect.
Indeed, changes over time in the effects of some patient
characteristics were reported in several flexible analyses
of different cancers (Gray, 1992;Hess, 1994; Rachet et
al., 1998; Quantin et al., 1999; Giorgi et al., 2003). For
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example, one may question if the relative risk associated
with higher gastric cancer stage at the time of initial
diagnosis remains equally elevated during the entire
follow-up period, as implied by the PH model, or if it
decreases with increasing time since diagnosis. This type
of information could greatly help physicians for adapting
treatments over time to the actual risk of individual
patients (Binquet et al., 2009).

Although the Cox model has an unknown baseline
hazard, one may assume that the baseline hazard has a
particular parametric form, such as Weibull, log-normal,
log-logistic, generalized gamma, etc. However, if the
assumed parametric baseline is incorrect, the resulting
estimates are biased and inconsistent (Meyer, 1990;
Bhat, 1996). An alternative approach is frailty models.
Frailty models have been used for univariate data to
extend parametric models and to understand the effect
of the unobserved heterogeneity (Vaupel et al., 1979).
Heterogeneity can be accounted for by incorporating
additional unobserved random frailty effects into standard
survival models (Oakes, 1992; Hougaard, 1995; Lim et
al., 2007). Ignoring frailty when it is present can lead to
an underestimation of covariate effects and inaccuracy in
fitted survival curves (Henderson et al., 1999).

The Cox model can lead to potentially biased
conclusions when the proportionality assumption is
not satisfied. Parametric models can also lead to biased
conclusions when a parametric baseline hazard distribution
is not satisfied. An alternative, but less widely used method
is the additive hazards model. Additive hazards model has
been considered by several authors (Aalen, 1980; Buckley,
1984; Cox and Oakes, 1984; Huffer and McKeague,
1991; Andersen et al., 1993). Unlike the Cox model, the
additive hazards model assumes that covariates act in an
additive manner on an unknown baseline hazard rate.
Numerous authors advocate the additive hazards model
in various forms (Buckley, 1984; Aalen, 1989; Huffer and
McKeague, 1991; Lin and Ying, 1994; Hougaard, 2000;
Martinussen and Scheike, 2002; Klein, 2006).

The primary aim of this paper is to apply the additive
hazards models to the study of patients with GC and to
compare results obtained by the additive hazards models
and the Cox model.

Materials and Methods

Study Population

This is a retrospective study of patients treated from
February 2003 through January 2008, between 213
patients whom were admitted to the Taleghani hospital
with a diagnosis of GC. The hospital is a referral center
for gastrointestinal cancers, and all of the patients were
diagnosed by endoscopy and biopsies. The exclusion
criteria were the patients who had not completed document
at hospital registry or treated out of the time February
2003 to January 2008 and the start point for survival
time was the time of diagnosis which extracted from the
patient’s document. The study protocol was approved
by the ethics committee of the Research Center for
Gastroenterology and Liver Disease of Shaheed Beheshti
Medical University. In the research center, all patients who
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register with gastrointestinal cancer are monthly followed
for survival. The case of patient’s death was confirmed by
contact with the patient’s family by telephone and clinical
information was extracted from hospital documents.
The Clinicopathological features analyzed for GC
patients were age at diagnosis, sex, pathologic distant
metastasis, tumor size, histology type, regional lymph
node metastasis, and pathologic stage.

Statistical Analysis

In this paper, Cox proportional hazards model (Cox
model) and additive hazards models were used for
multivariate analysis. The additive hazards regression
models considered in this paper are the Aalen’s additive
hazards model (Aalen model) and Lin and Ying’s additive
hazards model (L-Y model). In this section, all models for
analysis are reviewed.

Cox Proportional Hazards Model: Currently, the
most popular regression method for survival analysis in

biomedical studies is the Cox proportional hazards model
(Cox model). In this model, the effect of the covariates was
to act multiplicatively on some unknown baseline hazard
rate. Thus, under the Cox model, the hazard function
for the failure time Ti associated with a p-vector of the
covariates Zi=(zil, ...,zip) is defined as:
M (1) = MOt exp(Blzil+ ...+ Ppzip) (1)

where AO(t) is an unspecified baseline hazard function
and fi is the regression coefficient, where k=1, 2, ...,
p. Estimation of (i proceeds through partial likelihood
such that A0(t) is not involved in the estimation of {3i.
Cox regression is the predominant model in biomedical
studies and the original paper proposing model (1) is one
of the most cited papers in science, let alone statistics.
However, the assumption of proportional hazards in the
Cox model is a crucial one that needs to be fulfilled for
the results to be meaningful.

Aalen’s Additive Hazards Model: In the Aalen’s
additive hazards model (Aalen, 1989), the covariates
are assumed to impact additively upon a (unknown)
baseline hazard, but the effects are not constrained to be
constant. Thus, under the Aalen’s additive hazards model
(Aalen’s model), the hazard function for the failure time
Ti associated with a p-vector of the covariates Zi=(zil,
...,Zzip) is defined as: An important one in this framework
is Aalen’s model:

M (1) =20t + y1(t)zil(t) + ...+ yp(H)zipt) (2)
where AO(t) is an unspecified baseline hazard function,
and coefficient yk(t) is allowed to vary freely over time,
where k=1, 2, ..., p. Aalen shows that if a covariate is
independent of all the other covariates in the model, then
the regression model with this covariate eliminated is the
same as the regression model with this covariate included.
Note that this is not true for the Cox model (Aalen,
1989). The additive effect yk(t) may change in magnitude
and even sign with time. As it is not straightforward to
estimate yO(t) non-parametrically, direct estimation of
the coefficient yk(t) is difficult. Aalen and others (Aalen,
1980; Huffer and McKeague, 1991) have developed least
square estimation of integrated coefficients
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The usual method of representing the effect yk(t) is
to graph them against time. To define how the effects of
covariates changes over the time, cumulative regression
function plots estimated by the Aalen’s model is
examined. The values of yk(t), the absolute increase
in hazard at time t, are not actually observed, but their
relative size may be inferred from the slope of the line.
These plots are sometimes called Aalen plots, and they
are also used to provide an informal assessment of the
adequacy of the proportional hazards assumption in
the Cox model, although Aalen considered its primary
role as an alternative model in its own right (Aalen,
1993). The Aalen’s plots are obtained by estimating the
instantaneous contributions of covariates to the hazard at
each distinct failure time and summing up the resulting
estimates. The slope of such plots indicates whether a
specific covariate has a time-dependent or constant effect
(Mau, 1986). Slope of an estimated cumulative regression
function is positive when covariate increase corresponds
to hazard increase, and negative when covariate increase
corresponds to hazard decrease. A Cumulative sums slope
approaches zero when a covariate has no effect on the
hazard (Henderson and Milner, 1991). From a practical
standpoint, the graphical representation of the cumulative
regression functions is attractive, because it provides a
direct perception of data and a picture of how effects and
the model fit in with change over time. However, some
caution is needed when estimate plots are interpreted
especially in later periods, when few subjects remain in
the risk set (Lim et al., 2009).

Lin and Ying’s additive hazards model: Additive
hazards model proposed by Lin and Ying is the most
closely connected and analogue to the Cox model. In the
Lin and Ying’s additive hazards model, the covariates are
assumed to act additively on a baseline hazard, but the

effects are constrained to be constant. Thus, under the
L-Y model, the hazard function for the failure time Ti
associated with a p-vector of covariates Zi is defined as:

M (1) = M0(t) + ylzil(t) + ...+ ypzip(t) (3)

In the additive hazards models (3), the function AO(t)
is an unspecified baseline hazard function. Coefficient yk
is constant additive effects, where k=1, 2, . . ., p. Lin and
Ying propose a heuristic estimation method based on a
estimating equation due to the Cox’s partial likelihood.
Their method successfully treats the baseline hazard as
nuisance and removed them from estimating the regression
coefficients. Using the counting process and martingale
approach, they obtained closed-form estimators for
the regression parameters of (3), , and the cumulative
baseline hazard function AO(t) (Lin and Ying, 1994).

Statistical analyses were performed using the computer
program SAS 9.1 (Howell and Klein, 1997; Schaubel and
Wei, 2007). A P-value of less than 0.05 was considered
statistically significant.

Results

The male-to-female ratio among the 213 patients
was 2.61:1 and the mean age at diagnosis was 58.6+12.8
years (range: 29-85 years). The mean and median overall
survivals were 31.2 and 29.6 months. The overall survival
was 79.0% after one year, 35.1% after three, and 14.6%
after five. Of the patients, 22 (10.3%) had pathologic
distant metastasis, 158 (74.2%) had tumor size greater than
35mm, 133 (62.4%) diagnosed with advanced stage of
GC, 162 (76.1%) with histology type of adenocarcinoma
NOS, and 26 (12.2%) in N3 level of regional lymph nodes
metastasis.

The results of the Cox and L-Y models are given in
Table 1. The Cox and L-Y models approximately give
similar results. Two covariates showed significant impact
on the gastric cancer patients’ data in both hazards models:
age at diagnosis and tumor size. We found that pathologic
stage was significant under the L-Y model (P=0.043),

Table 1. Multivariate Analysis of Prognostic Factors for GC Patients using the Cox, Lin-Ying, and Aalen Models

Characteristics Cox’s model Lin-Ying’s model Aalen’s model
HR (95% CI) p-value RC SE p-value chi-square p-value
Age at diagnosis 1.03(1.01-1.05)  0.010* 0.017 0.008 0.039%* 5.153 0.023*
Sex Femalet 1 - - - - - -
Male 1.25(0.73-2.17) 0415 0.035 0.229 0.877 0.749 0.386
Pathologic Absentf 1 - - - - - -
metastasis Present 1.38 (0.70-2.71) ~ 0.349 0.160 0.275 0.561 0.800 0.371
Tumor size <35mmf 1 - - - - --
>35mm 2.70 (1.44-508)  0.002* 0.969 0250 <0.001* 12405  <0.001*
Histology type
Adenocarcinoma NOS+ 1 - - - - --
SCC, MPA, MA 0.88(0.34-2.31)  0.796 -0.050 0439 0.909 0.025 0.874
Other type of histology 1.26 (0.63-2.52) 0512 0.360 0.291 0.220 0.067 0.795
Regional N1t 1 - - - - --
node N2 0.62 (0.31-1.24)  0.181 -0419 0.353 0.239 1.656 0.198
metastasis N3 0.53(0.20-143) 0214 -0.602 0.447 0.182 1.428 0.232
Pathologic Early (I, II)T 1 - - - - - -
stage Adv (111, IV) 1.86 (0.95-3.64)  0.069 0.724 0.353 0.043%* 4478 0.034*

HR, hazard ratio; Cl,confidence interval; RC, regression coefficient; SCC, signet cell carcinoma; MPA, mucin-producing
adenocarcinoma; MA, mucinous adenocarcinoma; N1, Metastasis in 1-6 regional lymph nodes; N2, in 7-15; N3, > 15 (according
to SEER Summary Staging Manual 2000). *Statistically significant at 0.05 level TReference group
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Figure 3. Estimate of Cumulative Excess Risk of of
Advanced as Compared to Early Stage and a 95%
Point-wise Confidence Interval for Gastric Cancer
Patients
but was marginally significant under the Cox model
(P=0.069). Neither the Cox model nor L-Y model found
sex, pathologic distant metastasis, histology type, and
regional lymph node metastasis as a prognostic factor.

The results of the Aalen’s models are also given in
Table 1. The multivariate analysis using the Aalen’s
model identified that age at diagnosis (P=0.023), tumor
size (P<0.001) and pathologic stage (P=0.034) were
independent prognostic factors for the survival of patients
with GC. Other clinicopathological characteristics were
not statistically significant (P>0.05).

Figure 1 shows the excess risk due to age at diagnosis
and a 95% point-wise confidence interval. In Figure 1,
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the estimated cumulative regression coefficient increases
nearly linearly over the entire 35-month interval. There
is a slight downwards bump in the plot between 22 and
30 months, but the plot continues to increase linearly
after 30 months. This bump is likely an artifact of chance
variability. Overall, the plot suggests that there is an
increase in the hazard rate with increasing age that remains
in effect over the entire time period. Figure 2 shows the
plot of estimate of cumulative excess risk of tumor size
greater than 35mm as compared to tumor size less than
35mm and a 95% point-wise confidence interval. This
plot is nearly linear, with a positive slope over the entire
35 month. This plot suggests that the effect of the tumor
size does not change over time, and that the size of tumor
increases the hazard over the entire time period. Figure
3 shows the plot of estimate of cumulative excess risk
of advanced stage as compared to early stage and a 95%
point-wise confidence interval. The plot is nearly linear
with a slight positive slope over the first 18 months.
However, in this time period the zero line is contained
within the lower 95 percent confidence band, which
suggests that the covariate may not provide a significant
additive increase to the hazard rate during the first 18
month of follow-up. We note that the plot is linear with
a much steeper slope after 18 months. This suggests that
pathologic stage has a late or delayed effect. Other plots
show no consistent trend in any time interval, and the zero
line is contained within 95 percent confidence interval
(other plots not shown here).

Discussion

In this study we demonstrated the additive hazards
regression models and showed the differences in estimates
obtained by the additive hazards models and the Cox
model using the GC patients’ data. The Cox and L-Y
models approximately revealed similar results.

Although declining in incidence, GC remains an
important cancer problem. The five-year survival rate
in this study was 14.6%, which is lower than that found
in many other countries such as United States (37.0%)
(Schwarz and Zagala-Nevarez, 2002), France (30.0%)
(Triboulet et al.,2001), China (29.6%) (Ding et al., 2004)
and Switzerland (22.0%) (Adachi et al., 2003). This may
be explained by the fact that Iranian patients generally seek
medical attention when disease has reached an advanced
stage. Therefore, diagnosis is made when the chance of
a full cure is slim.

As we expected life expectancy significantly decreased
with age. A study performed in the United States also
showed that older age groups have a shortened life
expectancy in comparison to young (Saidi et al., 2004).
This fact has been verified by studies performed in Japan
and Italy as well (Otsuji et al., 1999; Bucchi et al., 2004).
Some studies reported better survival rate for females (Ries
et al., 1992). In our results, sex had no effect on survival
rate. Liu et al indicated that there was no association
between gender and survival of patients with early GC
(Liu et al., 2010). A study carried out on 2773 patients
by Rotterdam cancer registry reported similar results
which rate for male and female were similar (Damhuis
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and Tilanus, 1995). Pathologic distant metastasis is
another important prognostic factor of GC (Shiraishi et
al., 2000; Hajizadeh and Asghari, 2011); however in our
results no association was observed according to the Cox
and additive hazards models. Tumor size was another
significant factor where affected the survival probability
of patients in both models. This finding was similar to
studies which pointed a higher hazard ratio of death for
patients with large tumors (Coburn et al., 2006; Li et al.,
2009).It is generally accepted that lymph node metastasis
is one of the most important prognostic factors (Kim et
al., 1995; Yokota et al., 2004; Liu et al., 2010), however
in our study no association was observed according to all
models. Histology type did not seem to be significant here.

The Cox and L-Y models are difficult to compare
directly because the coefficients of the Cox model act in
multiplicative way on unknown baseline hazard, while
in the L-Y model they act in additive way on unknown
baseline hazard or represent coefficient function for added
risks. In our study, the Cox and L-Y models similarly
identify significant covariates on the GC patients’ data;
however, interpretations of coefficients from the models
are different. The additive hazards models describe the
association between the covariates and failure time in
terms of the risk difference or excess risk rather than the
risk ratio. From a public health point of view, the risk
difference can be more important than the risk ratio in
understanding an association between a risk factor and
disease occurrence (Lin and Ying, 1997).

The additive models have limitations. The Aalen’s
model may provide more in depth information on the
effect of a prognostic factor over time. However, for
Aalen’s model, one has to visualize all covariate effects
over time, and a simple interpretation of the effects is not
possible. This makes Aalen’s model less appealing in real
applications than other models. As Lin and Ying noted, a
theoretical limitation of the additive model is the linear
predictors in the model to constrain to be positive (Lin and
Ying, 1997). These reasons, together with the relative lack
of statistical software, are probably the deciding factors
in the relatively minimal use of additive hazards models.

In general, the choice between the Cox and additive
models will normally be an empirical matter. Although
in theory either model can provide adequate fit to a
given same data set, the more parsimonious one will
undoubtedly be more appealing to clinical investigators.
An overall conclusion is that the Cox and additive
hazards models give different aspects of the association
between risk factors and the study outcome. It seems
desirable to use them, not as alternatives to each other
but as complementary methods, together to give a more
comprehensive understanding of data. Also, our study
showed that age at diagnosis, tumor size and pathologic
stage were associated factors for survival time in patients
with GC. According to these results the early detection
of patients at younger age and in primary stages may be
important to increase survival.
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