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Abstract  Modeling and analysis of lifetime data using neural network models is a  topic of recent interest in survival 
studies. In the present study, we use multilayer perceptron neural network models for the analysis of competing risks data. 
Multilayer perceptron neural network with a modificat ion is used for the estimation of survivor function in presence of 
covariates. The estimates are compared to the smoothed estimates proposed by Wells[1], by extending the procedure into the 
competing risks set up. Neural network models are also used for classification of failure types in competing risks data. We 
illustrate the methods using real data sets. 
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1. Introduction 
In life testing experiments, the death (failure) of an 

individual either a liv ing organism or an inanimate object, 
may be classified into one of ( )1k k >  mutually exclusive 
classes, usually cause of failure. For example, cause of death 
of an individual may be classified as cancer, heart disease or 
other. Competing  risks models are useful for the analysis of 
such data in which an object is exposed to two or more 
causes of failure. The competing risks models also arise in 
public health, demography, actuarial science, industrial 
reliability  applicat ions and experiments in medical 
therapeutics. 

In literature, various techniques are available for the 
analysis of competing risks data. Non-parametric methods 
are more popular in survival studies due to the fact that the 
lifetime data may not always meet parametric model 
assumptions. Gasbarra and Karia[2], Crowder[3], Kwam and 
Singh[4] and Lawless[5] provide comprehensive reviews on 
this topic. 

Neural networks (NN) are one of the most widely used 
non parametric methods in  the analysis of lifet ime data. 
Mult i-layer percep t ron  (MLP) networks  are the most 
commonly  used neural network models in  survival studies. 
The basic element of a neural network model is a single unit 
percep t ron. A  s ing le percept ron , can  be t reated  as  a 

regression model, represented by  where  
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y  is the expected response  ( )1 2 px = x ,x ...x is the input 

response , '
jw  s are corresponding weights and 0w  is the 

added bias. For more details, see Cheng and Titterington[6]. 
MLP neural network models are employed in survival 

studies to improve estimates of survivor function (see 
Bakker and Heskes[7] and Bakker et al.[8]). Recently 
Biganzoli et al.[9] used partial logistic art ificial neural 
networks to model competing risks data in the discrete set up. 
Ambrogi et al.[10] discussed the use of neural network 
models with genetic algorithms to solve various problems in 
classical survival analysis. One can refer to MacKay[11], 
Ravdin and Clark[12], De Laurentiis and Ravdin[13], 
Faraggi and  Simon[14], Bishop[15], Neal[16], Ripley[17], 
Ripley and Rip ley[18], Neal[19], Biganzoli et al.[20,21], 
Eleuteri et al.[22,23], and Ahmed[24] for various 
applications of neural networks in survival analysis. The 
main advantage of neural network models over tradit ional 
statistical models is the flexibility they offer. The heuristic 
and algorithmic approach helps to solve complexities beyond 
the reach of empirical statistical methods. In the present 
study, we d iscuss the analysis of competing risks data using 
MLP neural network models.  

The text is organized as follows. In Section 2, we describe 
the basic concepts of competing risks models. Section 3, 
introduces a neural network model for the analysis of 
competing risks data. The estimates of cumulative cause 
specific hazard rate functions and cause specific 
subdistribution functions are given. The analysis of 
competing risks data in the presence of covariates is 
discussed in Sect ion 4. We develop a neural network model 
for the estimation of survivor function and illustrate the 
procedure with real data set given in Andersen et al.[25]. 

p

0 j j
j=1

y = w w x+ ∑
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Cause specific subdistribution functions are also estimated 
using the neural network model proposed in Section 3. 
Wells[1] proposed a smoothing technique for baseline 
hazard rate function estimation. We extend this idea into 
competing risks set up and the neural network estimates are 
compared with the corresponding smoothed estimates. In 
Section 5, we employ neural network models for 
classification of failure times according to the cause of 
failure. A sensitivity-specificity analysis is carried out to 
assess the accuracy of the classification. Finally, Section 6 
provides a brief conclusion of the study. 

2. Competing Risks Models 
Two frame works are often used to deal with standard 

competing risks settings in which a life time variable T > 0  

and a cause of failure { }C  1,2...k∈  can be observed for 
an individual: 

( )i  Cause specific hazard rate funcion ( )( )jλ t  

formulat ions, where 

( ) ( )
0

, |
limj t

P t T t t C j T t
t

t
λ

→

≤ < + ∆ = ≥
=

∆
 

1, 2...j k=               (2.1) 
and 

( )ii  Cause specific subdistribution function ( )( )jF t  

formulat ions, where 

( ) ( )jF t = P T t,C = j≤  1, 2...j k=      (2.2) 

( )j tλ  is the instantaneous rate of failure of type j  at 
time t  given the individual has survived time t  and in the 
presence of all other failure types. Comparison of 
cause-specific subdistribution functions is useful in selecting 
appropriate treatment for a patient Kalbfleisch and 
Prentice[27]. Either set of these functions fully specify the 
joint distribution of T  and C , but they lead to different 
types of regression models when covariates are present. For 
more propert ies and applications of (2.1) and (2.2), one can 
refer Kalbfleisch and Prentice[27]. 

Nelson-Aalen (NA) non-parametric estimator for the 
cumulat ive cause specific hazard rate function 

( ) ( )
0

t
j jt u duλΛ = ∫  is given by 

( )
;

ˆ
i

ij
j

i t t i
t

n
δ

≤

Λ = ∑    1, 2...j k=        (2.3) 

where in  is the number of patients alive and uncensored 

just prior to time it  and ijδ  is the indicator variable 

defines as ( )ij iI C jδ = =  with iC  as  the cause of 

death of i th individual for 1, 2,...,i n= . 

In competing risks set up, we assume that the k  failure 
types are mutually exclusive and exhaustive so that an 
individual can have at most one realized lifetime. Then the 
overall hazard rate function ( )λ t  is given by 

( ) ( )
k

j
j=1

λ t = λ t∑                   (2.4) 

Thus from (2.3), the survivor function and cause specific 
subdistribution functions can be estimated as  

( ) ( )( ) ( )
1

ˆ ˆ ˆexp exp
k

j
j

S t t t
=

 
= −Λ = − Λ  

 
∑   (2.5) 

and 

( ) ( ) ( ) ( )
0

;

ˆ ˆˆ t ij
j j i

iii t t
dxF t S x S t

n

δ

 ≤
= =Λ∫ ∑ ; 1,2...j k= .(2.6) 

In survival studies, covariates or explanatory variab les are 
employed to represent the heterogeneity in a population. The 
main objective in such situations is to understand and explo it 
the relationship between the lifetime and  explanatory 
variables. The proportional hazards (PH) model proposed by 
Cox[28] is the well-known semi parametric regression model 
that is widely employed in such contexts. This model is used 
in the competing risks situation by considering  

( ) ( )0, j
j j jt t eβλ β λ=

' x
 1, 2...j k=    (2.7) 

where ( )'
1,..., px x x=  is the 1p×  vector of covariates 

and jβ  is a  1p×  vector of regression coefficients, 

( ).jλ
 
is the cause specific hazard rate function in presence 

of covariate vector x  and ( )0 j tλ  is the baseline cause 
specific hazard rate function common to all patients. The 
estimation of 'j sβ  can be done by maximizing part ial 
likelihood function(see Lawless[5]). The cumulative cause 

specific hazard rate function  ( )0
ˆt,βΛ j j  is estimated by 

( )
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which is an extension of the NA estimator o f cumulative  
hazard rate function, where ( ) 1iY t = , if i th individual is 
alive and uncensored at time t  and 0, otherwise. 

Using counting process approach, we can represent (2.8) 
as  

( ) ( ) ( ) ( )
1

'
0

10

ˆ ˆ, exp
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t Y u x dN uβ β
−

=
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where, 1 .... nN N N= + +  with ( )iN t  counts the 

observed events on i th individual at time [ ]0, t . 

By extending the idea given in Wells[1] into competing 
risks set up, the estimate of the baseline cause specific hazard 
rate function is given by  

( ) ( )
1

0 0
0

1ˆ ˆ ˆˆ, ,nj j nj j
n n

t ut K d u
b b

λ β β
 −

= Λ 
 

∫  (2.10) 

where, K  is a  density function on [ ]1,1− , symmetric 

about zero, with unit integral and { }nb is a sequence of 
positive numbers tending to zero. In the present study, we 
consider ( ) 1K x x= −  and nb  is chosen in such a way 
that the mean square error of the estimates is minimum. 

Consequently, ( )j
ˆˆ βS t,

 
is estimated using (2.5) and (2.7) 

as  

( ) ( ) ( )'
j

k β̂ x
0j j

j=1

ˆˆ ˆ ˆ, - Λ t,βS = exp expβ
 
  
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Cause specific subdistribution functions can be estimated 
using (2.11) by 

( ) ( )j
:

ˆˆ ˆˆ , β
i

ij
j j

i t t i
F t S t,

n
δ

β
≤

= ∑         (2.12) 

The semi parametric model described above is distribution 
free in the sense that their validity and certain properties do 
not depend on the true form of ( )0 tλ , provided the 
multip licat ive form is correct.  However, this mult iplicative 
form is a strong assumption which may vio late in many 
situations. 

In the following section, we d iscuss the estimation of 
cumulat ive cause specific hazard rate functions and cause 
specific subdistribution functions using neural networks 
models.  

3. Estimation Using Neural Network 
Models 

MLP neural network with one h idden layer, with one 
neuron in the hidden layer is used in this study.  Since 
increasing the number of h idden neurons is only 
recommendable for handling complex situations, simplest 
structure of the network is used here. For the estimat ion of 
cumulat ive cause specific hazard rate functions, lifet ime and 
cause of failure are g iven as input variables. Censored 
observations are accommodated in the analysis by denoting 
them with a cause labeled ‘0’.   Hidden and output units use 
two functions viz. combination functions and activation 
functions to produce their outputs. All the computed values 
from prev ious units are fed into the given unit and combined 
into a single value using a combination function. The value 

produced by the combination function is transformed by an 
activation function (transfer function). Linear general 
combination function and exponential transfer function are 
used in the analysis. Linear general combination function is 
given as 

j j ij i
j

y = b + w x∑  

where ix  is the input of the i  th neuron, ijw  is the weight 

connecting  i  th and j  th  neurons, jb  is the bias of the 

j  th  neuron and jy  is the j  th  neuron’s output.  

Table 1.  Estimates of MSE of  and  for Hoel’s data 

set,  

Estimate MSE Estimate MSE 

 0.00493  0.00347 

 0.00266  0.00329 

 0.00112  0.00209 

Activation functions are selected according to target 
variables. For the estimation of cumulat ive cause specific 
hazard rate functions, we use exponential activation function. 
Normal error function is used in  our model, since it is the 
most appropriate error function for interval type target 
variables. Another possible choice of error function, Po isson 
error function is not considered here, since the target 
variables don’t fo llow the Poisson distributional property of 
equality of mean and variance. The MLP networks we 
trained here are of small or medium sized networks, which 
have only a small number of connections. So we use 
Quasi-Newton learn ing algorithm to train the networks, 
since the memory  storage will not be a problem for such 
networks. Neural networks are trained by min imizing an 
objective function. The likelihood function is used as the 
objective function fo r optimization. The model complexity  is 
controlled using the weight decay method, with weight 
decay constant 1. In a similar fashion, cause specific 
subdistribution functions can also be estimated, with the 
change in transfer function only. Logistic transfer function is 
used in the output layer to restrict the output between 0 and 1. 
Estimates of cumulat ive cause specific hazard rate functions 
and cause specific subdistribution functions are given as 
target variables.  

For illustration purpose, a competing risks data set given 
by Hoel[29] is considered.  The data are obtained from a 
laboratory experiment on RFM strain male mice, which had 
received a rad iation dose of 300 rads at ages of 5 to 6 weeks 

( )ˆ
j tΛ ( )ˆ

jF t

1,2,3.j =

( )1
ˆ tΛ ( )1̂F t

( )2
ˆ tΛ ( )2̂F t

( )3
ˆ tΛ ( )3̂F t
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and were kept in  a conventional germ-free environment. 
There are three causes of death viz. thymic lymphoma, 
reticulam cell sarcoma and  other causes. All mice d ied by the 
end of experiment, so there is no censoring. The data set 
contains 181 time points and is divided into training and 
validation data sets. The training set consists of 80% of the 
data points which is used for preliminary model fitt ing and 
validation set contains the other 20% which is used to assess 
the adequacy of the model. Mean square error (MSE) o f the 
neural network models in the last iteration  for estimating 
cumulat ive cause specific hazard rate functions and cause 
specific sub distribution functions for the Hoel’s data set is 
given in Table 1. The plots of estimated values of cumulative 
cause specific hazard rate functions and cause specific 
subdistribution functions for two  causes are also given in 
Figures 1 (a)-1 (c). In Figures 1 (a)-1(c), dark line represents 
the smoothed statistical estimates and dotted line represents 
the corresponding neural network estimates. 

Figures 1(a)-(c) and 2 (a)-(c) compare the s moothed 

estimates using non parametric methods and neural network 
method of cause specific sub distribution functions.  Neural 
network model gives smoothed estimates of cause specific 
sub distribution functions without using any other smoothing 
techniques. 

4. Competing Risks Situation with 
Covariates 

In Cox proportional hazards model, the hazard rate 
function consists of two independent parts.  The first part is, 

, in which depends on patient 

informat ion, say covariates  only and the second part is 

the time dependent base line hazard rate . 

  
(a)                                          (b) 

 
(c) 

Figure 1(a)-(c).  Plots of the estimates of cumulative cause specific hazard rate functions for mice died of thymic lymphoma, reticulum cell sarcoma and 
other causes 
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(a)                                          (b) 

 
(c) 

Figure 2(a)- (c).  Plots of the estimates of cause specific subdistribution functions for mice died of thymic lymphoma, reticulum cell sarcoma and other 
causes 

 
Figure 3.  Architecture of a multi-layer perceptron network used for estimation of survival probability in competing risks set up 

Cox proportional hazards model is implemented in  an 
MLP with one hidden unit and t  output units, specifying 

the survivor function ( )|S t x  at t  discrete points of time.  

Patient characteristics are g iven as input variables.  The 
input to hidden weights are denoted by 'w s  and hidden to 
output layer weights by 'v s . All the units have exponential 
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transfer functions. In the first step, the output of the hidden 

unit is ( )exp Tw x , where w  represents a vector of 

unknown regression coefficients. In the second step, the 
output of i  th target node is  

( ) ( )( )| exp exp T
i iS t x v w x=   

which is the survival probability with ( )0
0

i

i

t
v u duλ= −∫ . 

In competing risks situation, we add one more input node 
to this frame work, cause of failure and treat it as ordinal 
variable. In  hidden layer, one more neuron is added with 
logistic activation function, which is connected to target 
nodes (see Figure 3). Th is network estimates the survivor 
function in presence of covariates. 

To implement this network, we consider the data set given 
in Andersen et al.,[25]. The data consists of survival times of 
202 melanoma patients with cause of death and covariates 
age, sex, an indicator variable of patient’s condition, year of 
operation, tumor thickness and ulceration. We consider three 
covariates in this study namely, age, sex and tumor size of 
the patient for illustration. The covariate age is in  years, sex 
(1-man, 0- woman) and survival time in days. C=1 (death 
from malignant melanoma); C=2 (alive on 1, Jan 1978); C=3 
(death from any other causes). Neural network model 
proposed in Section 3 is used to estimate cause specific sub 
distribution functions, where patient characteristics are also 
given as input variables. Mean square error o f the neural 
network models in the last iteration for estimating survivor 
function and cause specific subdistribution functions for the 
melanoma data set is given in Table 2. Figure 5 compares the 
smoothed estimates and neural network estimates of survivor 
function. Figures 6 (a)-(b ) p lots the smoothed non parametric 
estimates and neural network estimates of cause specific 

subdistribution functions. In Figures 5 and 6(a)-(b) dark line 
represents smoothed statistical estimates and dotted line 
represents the corresponding neural network estimates. 

Table 2.  Estimates of MSE of ( )Ŝ t  and ( )ˆ
jF t  for melanoma data 

set, 1,3.j =  

Estimate MSE 

( )Ŝ t
 

0.00234 

( )1̂F t  0.00057 

( )3̂F t  0.00158 

From Figure 4, it  fo llows that the absolute difference 
between two estimates of survivor function exceeds 0.1 only 
for three data points. The maximum difference obtained is 
0.2578. This corresponds to the value 17.42, for the covariate 
tumor thickness, where as the average value of tumor 
thickness for patients is 2.906. Considering the other two 
data points, for which the absolute difference between 
estimates exceeds 0.1, the value of covariate variable tumor 
thickness exceeds 10. These observations show that, the two 
estimates are almost equally reliable fo r estimation. But, it 
should be noted that for those data points which deviate 
extremely from the average value of the input variable age, 
the estimates of survivor probability do not show much 
deviation. Thus it follows that the value of covariate, tumor 
thickness, has high influence on estimated values.   

 
Figure 4.  Plot of survivor function ( including covariate effect) for melanoma data set 
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(a)                                          (b) 

Figure 5(a)-(b).  Plots of the estimates of cause specific subdistribution functions for melanoma data 

From Figures 5(a)-(b), it follows that neural network 
model p rovide smoothed estimates cause specific 
subdistribution function.  

5. Classification Problems 
In this section, we p resent neural network models fo r two  

different classificat ion problems in competing risks set up. 
We consider the situations in presence of covariates. 

5.1. Binary Model Network 

We present a neural network model to estimate the 
survivor probability within  a pre specified t ime point and 
hence to classify the indiv iduals into two groups at any 
specified time point  according to whether the ind ividual is 
survived or relapsed. We modify the data by splitting the 
time into two periods, before the pre specified time point and 
after the pre specified time point. This model is a standard 
classification neural network. This model is an extension of 
the binary model introduced by Ripley  et al.[30] into the 
competing risks set up. 

Let T  denote the pre specified t ime point. Assume that 

ijp
 
be the probability of relapse for i  th patient due to 

cause j  before T  and ijδ
 
be the indicator variable 

which equals 1 if i th patient is relapsed due to cause j  

before T  and 0 otherwise. 
Now the likelihood function of the observed data is given 

by 

( )
1 1

.
.

11ij
n k

i j

i
ij ipL p δ δ

= =
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1

k

i ij
j

p p
=

= ∑  and .
1

k

i ij
j

δ δ
=

= ∑  with 

0 1ijp≤ ≤  and 
1

0 1
k

ij
j

p
=

≤ ≤∑ . 

To incorporate censorship, we follow[31]. Each censored 
patient is included twice in the data, with ind icator 1 and 0 
with appropriate weights. We have used mult ilayer 
perceptron network with one hidden layer and logistic 
activation functions.  

5.2. Softmax Neural Network 

In the following, we present a softmax neural network to 
classify the indiv iduals into different groups according to 
their causes of death. The individual’s survival time or 
censoring time and the exp lanatory variables are g iven as 
inputs. Censored individuals are considered as a separate 
class. Target variable is the indicator function denoting the 
class membership. The model is fitted with cross entropy 
error function and softmax activation function. With a 
softmax activation function, the probability of the 
membership for class j  is given by 

( )
( )

1

exp

exp

j
k

j
j

h

h
=

∑
 

where jh is the output from the prev ious unit. 

For illustration of classification problems, we use the 
same mice mortality data due to Rip ley et al.[30]. Living 
environment of the mice is selected as covariate. The 
accuracy of the classification is assessed in terms of 
sensitivity and specificity. Sensitiv ity is the proportion of 
event responses that are predicted to be events and 
specificity is the proportion of non-event responses that are 
predicted to be non-events.  

The time point is selected as 550 days and we run the 
binary model to predict  the survival before 550 days for three 
observed causes. The sensitivity and specificity of the model 
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is calculated using a 0-1 loss function. The results of the 
classification in terms of sensitivity and specificity are given 
in Table 3. Both models seem to yield best results regarding 
classification.  

Table 3.  Sensitivity and Specificity based on a 0-1 loss function for the 
binary model 

Cause Sensitivity Specificity 
Thymic lymphoma 94.1 45.9 

Reticulum cell sarcoma 93.2 44.6 
Other causes 95.4 49.0 

To assess the accuracy of classification using softmax 
neural network models, we calcu late the specificity and 
sensitivity based on a 0-1 loss function. The results are given 
in Table 4. 

Table 4.  Sensitivity and Specificity based on a 0-1 loss function for 
softmax neural networks 

Cause Sensitivity Specificity 
Thymic lymphoma 87.7 75.8 

Reticulum cell sarcoma 82.3 73.4 
Other causes 91.2 78.7 

6. Conclusions 
In the present work, we proposed neural network models 

for various estimation and classification problems in the 
analysis of competing risks data. Multiple time point neural 
network models are developed to estimate cumulat ive cause 
specific hazard rate functions, cause specific subdistribution 
functions and survivor functions. When covariates are 
present, we introduced a multilayer perceptron neural 
network model for the direct estimation of survivor 
probability. We extended the smoothing procedure proposed 
by Wells[1] into competing risks set up and compare the 
smoothed estimates with the same given by neural network 
models. It has been shown that neural networks give the 
smoothed estimates inherently without using any other 
smoothing techniques. Another important advantage of the 
neural network models is that, they are free from any 
assumption about the distribution of data. The flexib ility that 
the neural network models offer for modeling the data is also 
an additional advantage. The heuristic and algorithmic 
approaches help us to solve complexit ies in the real life 
situation that are beyond the reach of empirical statistical 
methods. However, neural network models bear their 
inherent drawback of being data dependent. 

We, further proposed a binary model to classify 
individuals into two groups of survived and relapsed patients 
at a pre specified t ime po int. A softmax neural network 
model was also employed to classify the individuals 
according to their cause of failure. Classification of failu re 
times according to the cause of failure is important in testing 
the independence of time of failure and cause of failure. 
Since the dependent structure of time to failure and cause of 
failure is important in competing risks analysis, neural 
network models for this problem are of greatest importance. 

Works in this direction will be reported elsewhere. 
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