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ABSTRACT 

This paper attempts survival analysis problem on censored dataset.  Artificial Neural 
Networks (ANNs) is a well known, flexible non-linear prediction model for survival analysis 
over a period of time than other traditional methods.  In this work, ANN is used to handle 
two tasks: first is predicting the status of a patient at a particular endpoint and the second 
one is predicting the time of disease recurrence.  Wisconsin Prognostic Breast Cancer 
(WPBC) dataset is used for evaluating both the tasks. The results show that ANNs can predict 
the status and recurrence probability more effectively. 
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1. Introduction 

Breast cancer is considered to be the second leading cause of cancer deaths in women today. 
Occasionally, breast cancer can recur after primary treatment. As experienced human expertise 
can’t predict recurrent time accurately, constructing a reliable computation model to predict the 
breast cancer recurrence is necessary today. Survival analysis in medical parlance is one way of 
studying the time to an event of interest, such as disease occurrence, recurrence or death.  Even 
though data and statistical driven research is being successfully applied to medical domains, new 
and novel data mining techniques are designed for accurate prediction and survival analysis. 
Artificial Neural Network (ANN) is one of the most popular technique used for classifying a tumor 
as malignant or benign one for diagnosis and analysing survivability i.e. identifying whether a 
patient will survive over a fixed time interval or not. This paper discusses various methods of 
applying Neural Network for identifying the survivability of Breast cancer patients.  

1.1 Background  
 

Survival analysis is confronted with several sources of difficulties.  One of them is the possibility 
that some individuals may not be observed for the full study time.  This type of missing data is 
called censored data. Censored data may represent the cases that were lost to follow-up after a 
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certain time, may be some patients would have moved away, changed doctors, or died of unrelated 
causes. The data of such patient can also be mapped to censored one with unknown DFS time. 
Removing censored data introduces a bias since censored data gives the information that the 
patient was event-free until the time of censoring. Due to all this reasons, the training data for the 
learning method is not well-defined.  

1.2 Related work 
 

Traditional statistic techniques such as Kaplan-Meier test (Kaplan  and Meier 1958), Cox-
Propositional hazard model (Cox 1972) and concordance index (Mayer 2014) are used for survival 
prediction.  But with advancements in data mining tools, more powerful tools are available for 
survival modelling.  The Artificial Neural Networks (ANNs) algorithm has been applied in many 
medical issues, for example, assessing and building predictive models for diabetes (Meng 2013), 
predicting the survival rates for diagnosed cases of breast cancer (Delen et al. 2005), prediction of 
survival in patients with Breast Cancer (Cheng 2014). Delen et al. (2005) used artificial neural 
networks, decision trees and logistic regression to develop the prediction models using SEER 
dataset containing more than 200,000 cases. Their results indicated that the decision tree (C5) and 
artificial neural networks is better predictor model than logistic regression model.  Diana (2009) 
applied the Naive Bayes classifier on Wisconsin Prognostic Breast Cancer (WPBC) dataset and 
obtained an accuracy of 74.24%. Most of these works do not consider the censoring details and 
treat the time interval as input.  Chih-Lin Chi et al. (2007) showed that ANNs can successfully 
predict recurrence probability and separate patients with good and bad prognoses. KM survival 
function is used to estimate the probability of recurrence.  
 

2. Methodology  
 

2.1 Artificial Neural Network 
 

A supervised artificial neuron network (ANN) is a computational non-linear statistical data model 
based on the structure and functions of biological neural networks. It trains the neurons based on 
the experience and learning of input and output. Training an artificial neural network involves 
choosing the model that suits to solve the problem that is defined. For this work the feed forward 
network is chosen. 

A feedforward neural (ffn) network is a biologically inspired classification algorithm. Every node in 
the input, hidden and output layer is connected with all the nodes of previous layer. Each 
connection between nodes may have a different strength or weight called bias to encode the 
knowledge of a network. The attributes of a dataset enters as individual nodes as inputs and passes 
though the network layers until outputs arrived. When these operations are performed as a 
classifier, there is no feedback between layers in feedforward network i.e neurons from one layer 
feeds forward into the next layer of neurons without any backward connections, and connections 
never skip a layer. Typically, the layers are found to be fully connected and never skip a node. The 
following Figure 1 depicts the information flow of a single hidden layered feedforward network  
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Figure 1: Layers in FeedForward Network 

The values (features) xj will be forwarded to the input layer, where j takes value from 1 to d number 
of features.  The node x0 will always take value 1 to provide bias to hidden layers. While the nodes 
are forwarded to hidden layer, a weight wh and thresholding step or sigmoid function will be added 
to the values of each node to evaluate or determine the output from hidden layer. The weights will 
be adjusted or updated by backpropagation algorithm where it uses gradient descent to update the 
weights so as to minimize the squared error between the network output values and the target 
output values. The sum of weight of inputs S for any hidden layer zh is calculated using the Eq.1.  
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where h takes values from 1 to H, the total number of hidden nodes. 

The sigmoid or squashing function for the weighted sum of inputs S is calculated as in Eq.2. The 
inputs are squashed inorder to balance the outcome values between 0 and 1. 
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The output layers does the same weighted and sigmoid operation as hidden layer but it depends 
upon the number of class (k-class) or output nodes for classification problem. The bias for x0, z0 and 
o0 will be continued until the outputs from output node is reached. 

2.2 Survival analysis 
 

Generally two possible learning problems are associated with survival analysis. The first one is 
predicting the status of a patient at a particular endpoint and the second one is predicting the time 
of disease recurrence.  For the first problem, the dataset should first be filtered to reflect a 
particular endpoint; e.g., recurrences before some specified month is considered as one class and 
non-recurrence beyond that time period is considered as another class and applying any classifier 
on this data.  Predicting the time of disease recurrence is done by using the Disease Free Survival 
(DFS) Time attribute and the outcome. In this paper, two approaches are used to solve this 
problem.  The first approach is to categorise the instances based on the interval.  ANN is applied as 
two-class classification problem for each time interval.  The second method is to calculate the 
probability of survival using Kepaln Meier survival function.  This approach uses the censoring 
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information that represent the patients whose information is not known till the completion of 
observation time. For this type, ANN is used as a classifier for multiclass (i.e. k-class classification 
network) output model.  

3. Experimental and Results Analysis 

The standard ANN, FeedForward networks (ffn) model is used in this research work with two 
hidden layers and 20 neurons (nodes) in each layer in MatLab environment. Figure 2 depicts the 
network structure of ANN designed for this work. Neurons at each layer in ANN are trained with 
backpropagation technique and the sigmoid activation function is used for hidden and output nodes 
to yield the positive derivative at each node. The Wisconsin Prognostic Breast Cancer (WPBC) 
dataset is considered for the work consists of 35 features and 194 instances. The first 33 features 
includes ID number, Outcome (R = recur, N = non-recur), Time (R => recurrence time, N => disease-
free time) and the mean, standard deviation and worst case of ten real-valued features of each cell 
nucleus: Radius, Texture, Perimeter, Area, Smoothness, Compactness, Concavity, Concave points, 
Symmetry and Fractal dimension. The thirty four is Tumor size and the thirty five is the Lymph 
node status.   

3.1 Classification based on time and prognosis status 
 

The classification for the first task is based on whether an event will occur in each of several non-
overlapping classes. The instances are categorised into four classes (C1 - C4), according to the 
Disease Free time and the event of recurrence or non-recurrence.  Censored patients are ignored in 
this case. Based on the categorization of the instances, the four intervals are depicted in Table 1 and 
the resultant values of confusion matrix from each class are shown in Table 2. The ANN is applied 
as two-class classification technique for each time interval.   

Table 1:WPBC instances categorised according to the time interval and prognosis status 
 

Class Interval Time 
No. of 

Recurrences 

No. of Non- 

Recurrences 
Total 

C1 Less than 2 years 27 38 65 

C2 2 years-4 years 11 29 40 

C3 4 years-6 years 3 35 38 

C4 More than 6 years 5 46 51 

  194 
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Table 2: Results of the Neural Network for the classification of WPBC for each time interval 
 

F-Measure 
Classes 

C1 C2 C3 C4 

Positive 65 40 38 51 

Negative 129 154 156 143 

True Positive 64 37 34 50 

True Negative 125 154 156 138 

False Positive 4 0 0 5 

False Negative 1 3 4 1 

Sensitivity 0.984615 0.925 0.894737 0.980392 

Specificity 0.968992 1 1 0.965035 

Accuracy 0.974227 0.984536 0.979381 0.969072 

 

Table 1 describes the number of instances that are grouped into recurrences and non-recurrences 
under four different classes C1, C2, C3 and C4 based on the time interval of 2 years (0-2, 2-4, 4- 6, 
and Above 6 years). It is found from Table 2, the ANN obtained 98% sensitivity for correctly 
classifying true positive instances and obtained 96% specificity for correctly classifying true 
negative instances. From these observation it is found out that ANN yields a satisfactory 
performance for all the output classes and yields an average accuracy of 97.68% . 

3.2 Classification based on censoring information 

In this approach, the dataset is not categorised into some cut off point as in the previous approach, 
rather the outputs are interpreted as probabilities of survival. Censored information are 
incorporated directly into the training set using the Keplan Meier survival probability function.  
This approach can generate the predicted survival curve for an individual patient, making it more 
useful to estimate the prognosis.  

The activations of the output units were trained with and interpreted as the probability that the 
patient would have disease-free survival up to that time. The output layer consisted of eleven units; 
the first represented the instances with recurrences at one year or less, the second those with 
recurrences between one to two years and etc., up to ten years. The last unit represents the patients 
with expected disease free survival of time greater than the length of the study (say 10 years).  For 
recurrent cases, the network was trained with values of +1 for all outputs up to the observed 
recurrence time, and 0 thereafter. For instance, a recurrence at 32 months, the training vector will 
be T = 1, 1, 0, 0, 0, 0, 0, 0, 0, 0, 0. In censored case, the value of the probability formulation is used. 
Up to the observed disease-free survival time, the vector will have a value +1. For later times, the 
probabilities of recurrence were computed using a variation of true population survival rate 
(Kaplan and Meier, 1958). The risk of recurrence at time t > 0 is denoted as the conditional 
probability that a patient will recur at time t, given that they have not recurred up to time t - 1. To 
compute appropriate training probabilities, the DFS time of the censored case as the starting time is 
calculated as in Eq.3.  
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        = 𝑆 (𝑡(𝑗−1)) ×𝑃𝑟( 𝑇>𝑡(𝑗) | 𝑇≥𝑡(𝑗)) 

The risk of recurrence at time t>0 is the conditional probability that a patient will recur at time t, 
given that they have not recurred up to time t-1.  

A censored case with an observed DFS of 2.5 years may have an output vector of {1, 1, 0.97, 0.94, 
0.92, 0.91, 0.89, 0.89, 0.89, 0.79, 0.79}. The first two units are known disease-free survival 
probabilities, and the following time units are estimated from the KM survival function. The 
network is trained with survival probabilities, and the predicted outputs are survival probabilities 
for each time unit. For the predicted output, the first predicted output unit with an activation less 
than 0.9 is considered as the cut off. For example, a predicted output of [1, 0.95, 0.9, 0.85, 0.8, 0.75, 
0.7, 0.65, 0.63, 0.6, 0.48] corresponds to a predicted disease-free survival time of 3 years.  The 32 
features of WPBC dataset are inputted to input nodes and the resultant probabilities values from 
hidden layer to output nodes are mapped into 11 output periods of months from 12 to 132 
(difference of 12 months for survival analysis) are depicted in Figure 2. 

 

Figure 2: FeedForward Network structure for WPBC dataset 

The probabilities obtained by ANN for survival analysis of WPBC dataset is shown in Table 3 and 
graphically depicted in Figure 3 

Table 3: Results of the Neural network for the Survival analysis of WPBC for  
each time interval 
 

Time Interval in 

Months 

Probabilities 

Actual Predicted 

12 0.896907 0.74893 

24 0.849702 0.749491 

36 0.809558 0.729139 

48 0.770259 0.747166 

60 0.752552 0.746051 

72 0.752552 0.749996 

84 0.677297 0.740538 

96 0.677297 0.645752 

108 0.677297 0.663942 

120 0.677297 0.653317 

132 0.677297 0.647696 
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Figure 3: Survival analysis of WPBC for each time interval 

 
Figure 3 compares the true Kaplan-Meier estimate of disease-free survival for the entire dataset 
with the predicted DFS rates accumulated from the experiment. The error bars are 95% confidence 
intervals from the predicted survival function. Actual and predicted disease-free survival curves are 
very close, indicating that the overall estimated survival characteristics are accurate. 
 

4. Conclusion 
This paper focuses on the implementation of the Neural Network for the prediction of survival time 
of breast cancer patients. Firstly, the methodology was implemented for the prognosis problem 
based classification of WPBC datasets based on time and prognosis status. Then the classification is 
done using censoring time, the probability calculated using Keplan-Meier survival function.  In both 
the methods, Neural Network is proved to perform excellently exhibiting an overall accuracy of  
97.5% and good values of specificity and sensitivity indices. 
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