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Abstract

This paper applies artificial neural networks
(ANNs) to the survival analysis problem.
Because ANNs can easily consider variable
interactions and create a non-linear prediction
model, they offer more flexible prediction of
survival time than traditional methods. This
study compares ANN results on two different
breast cancer datasets, both of which use nuclear
morphometric features. The results show that
ANNs can successfully predict recurrence
probability and separate patients with good
(more than five years) and bad (less than five
years) prognoses. Results are not as clear when
the separation is done within subgroups such as
lymph node positive or negative.
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Introduction

Survival analysis is the study of time to an event
of interest, such as disease occurrence or death.
The time to the event is called survival time,
such as disease-free time. Prognosis is the
prediction of the time to some future event, such
as cancer recurrence. Therefore, we can see
prognosis as a survival analysis problem [8].
This study uses an Artificial Neural Network
(ANN) model for breast cancer prognosis,
predicting how long after surgery we can expect
the disease to recur. This decision support tool
for prognosis can help to aid the doctor and
patient in determining a course of post-operative
treatment. To assist prognosis, an ANN model
learns to predict the time to recur (recurrence
time) from previous patients and then predicts
outcome for the new patient. Some patients’ time
to recur are directly observed in the follow-up
study. For others, we only know the time of their
last check-up or disease-free survival time (DFS)

because these patients may change doctors, move
away, or leave the study for other reasons. These
patients are called censored cases.

Traditionally, analysis of censored data is
performed using Cox proportional hazards
regression [2]. In recent years, machine learning
methods and particularly ANNs, have been widely
used in prediction using censored data. This is
because, as pointed out by Biganzoli et al. [1],
feed-forward ANNs provide flexible non-linear
modeling of censored survival data through the
generalization of both discrete and continuous
time models. This paper compares prediction
results in two breast cancer datasets using a
modification of Street’s ANN model [12]. This
model predicts probabilities of recurrence at
different time intervals for each patient. By using
a probability threshold, this model can
differentiate patients with “good” or “bad”
prognosis. We also show that the choice of
training subsets can affect prediction results.

Background and Related Work

In survival analysis, Cox’s proportional Hazards
models [2] have been traditionally used to
discover attributes that are relevant to survival,
and predict outcomes. Smith et al. [11]
transformed the output from Cox regression into
survival estimation. However, the proportional
hazards model is subject to a linear baseline. Cox
regression makes two important assumptions
about the hazard function: (1) Covariates affecting
the hazard rate are independent, and (2) the ratio
of risk in dying of two individuals is the same
regardless of the time they have survived. De
Laurentiis & Ravdin [3] suggested three situations
in which artificial neural networks are better than
Cox’s regression model:

1. The proportionality of hazards assumption can
not be applied to the data.

2. The relationship of variables to the outcome is
complex and unknown.

3. There are interactions among variables.



These problems can be solved by non-linear
models such as artificial neural networks. There
are several approaches to the use of ANNs for
survival analysis. For example, De Laurentiis &
Ravdin [3], added a time input to the prognostic
variables to predict the probability of recurrence.
The original vector is transformed into a set of
data vectors, one for each possible follow-up
time. Before the recurrence time, the target value
is set to 0, and to 1 at the time of event
occurrence and all subsequent intervals. For
censored cases, they used Kaplan Meier [6]
analysis to modify the number of data points of
non-survivors in each time interval. Biganzoli et
al. [1] also treated the time interval as an input
variable in a feed-forward network with logistic
activation and entropy error function to predict
the conditional probabilities of failure. Another
form of artificial neural networks that have been
applied to survival analysis is called “single time
point models” [4]. In this model, a single time
point t is fixed, and the network is trained to
predict the t-year survival probability. This
model can repeatedly predict several time points.
For example, Kappen & Neijt [7] trained 6
artificial neural networks to predict survival of

patients with ovarian cancer after 1, 2,..., 6 years.

Closely related to this approach are the so-called
“multiple time point models”. In this kind of
model, one neural model has K output units for
K time points. The multiple time point model of
Street [12] uses a single network to predict
survival probability at each time point. He
changed all the time points into survival
probabilities as the target outputs, again using
Kaplan Meier probabilities to set target values
for censored points.

Data

The two breast cancer datasets used in this study
were generated using the Xcyt image analysis
program ([10] [14]). First, a sample of fluid is
taken from the patient’s breast by a fine needle
aspirate. An image of the fluid is transferred to a
workstation by a video camera mounted on a
microscope. Xcyt uses a curve-fitting program to
determine the boundary of cell nuclei. Ten
features are computed for each nucleus: radius,
texture (variance of grey levels inside the
boundary), perimeter, area, smoothness (local
variation of radial segments), compactness,
fractal dimension (of the boundary), symmetry,
concavity, and the number of concave points.
The mean value, extreme value, and standard
error of these features for all cells are also

computed, resulting in a total of 30 morphometric
features for each patient.

The first dataset is called the Wisconsin
Prognostic Breast Cancer (WPBC) data and
contains 151 censored cases and 47 recurrent
cases. The second dataset is called the Love data
[9] with 309 censored cases and 153 recurrent
cases. There is a treatment status variable in the
Love data and a lymph node status variable in the
WPBC data. The treatment status variable
indicates if a patient had hormone therapy or not.
Lymph nodes status is the number of positive
axillary lymph nodes, and is commonly used in
cancer staging for prognostic purposes. Patients
with one or more positive lymph nodes
(designated WPBC+) have a generally poorer
prognosis than those with no positive nodes
(WPBC-). The date sets contain other prognostic
factors such as tumor size, estrogen receptor status
and progesterone receptor status which have been
shown to be related with disease recurrence ([5]
[13]). However, in order to compare two datasets,
we used only nuclear morphometric features in
this study.

Method

We used three-layer, feedforward ANNs with
sigmoid activations in this work. The networks
were trained using the standard backpropagation
algorithm which contains three layers, an input
layer, a hidden layer, and an output layer. The
ANNs will learn the relationship between
independent variables (each input node represents
a variable in the input layer) and dependent
variables (each output node represents a variable
in the output layer). There are 30 nuclear features
in the input layer. The number of hidden nodes is
20, and adaptive learning with 1000 epochs was
used for training. In the output layer, each node
represents a time interval, from six months to ten
years, in intervals of six months. The training
signal for each node represents the probability of
disease-free survival for the example at that time
point. For the recurrent cases, the network was
trained with +1 for all output nodes up to the
recurrence time, and O thereafter. For example, a
patient with recurrence time between 3.5 and 4
years would have the target vector {1, 1,1, 1, 1, 1,
1,0,0,0,0,0,0,0,0,0,0,0, 0, 0}. For censored
cases, we only know the disease-free survival time
(DFS). The KM survival function is used to
estimate the probability of recurrence for such
cases at time points after the observed DFS time.
The output nodes can be expressed as:



0<t<DFS,
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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. For example, consider an experiment
containing a total of 20 patients. If two patients
recurred in the first time interval, we have risk(1)
= 0.1. Furthermore, two censored cases were
observed in the first time interval, and two more
recurrences were in the second interval. We have

risk(2) = 0.125. A censored case with an
observed DFS of 2.5 years may have an output
vector of {1, 1, 1, 1, 1, 0.97, 0.94, 0.92, 0.91,
0.89, 0.89, 0.89, 0.79, 0.79, 0.79, 0.79, 0.79, 0.79,
0.79, 0.79}. The first five units are known
disease-free survival probabilities, and the
following time units are estimated from the KM
survival function. We can consider this network
to have been trained with survival probabilities,
and the predicted outputs are survival
probabilities for each time unit.

For the predicted output, we defined the first
predicted output unit with an activation less than
0.5 as the predicted time to recur. 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, 0.43, 0.4, 0.37, 0.35,
0.3, 0.28, 0.2, 0.15, 0.13] corresponds to a
predicted disease-free survival time of 5.5 years.
A predicted disease-free time greater than five
years is defined as a good prognosis, and less
than five years is a bad prognosis. In our
experiments, we perform ten-fold cross-
validation, accumulate all the test predictions,
and divide them into good and bad groups. The
true disease-free survival of the resulting groups
is plotted for visual inspection using Kaplan-
Meier curves, and compared for significant
differences using a Wilcoxon test. To be a useful
prognostic tool, the actual outcome in the good
prognostic group should be significantly better
than those in bad group.

Results

Figure 1 compares the true Kaplan-Meier
estimate of disease-free survival for the entire
dataset with the predicted DFS rates accumulated
from the test folds. The error bars are 95%
confidence intervals from the predicted survival
function. The error bars in the Love data is
shorter than WPBC data because the sample size
in Love data is twice that of WPBC data. Actual
and predicted disease-free survival curves are

very close, and the shapes are very similar in both
datasets, indicating that the overall estimated
survival characteristics are accurate.

Fig. 2 shows the separation of good and bad
outcomes is significant for both data (Wilcoxon
test: P = 0.0005 in Love; P = 0.0105 in WPBC).
This sort of stratification can help a clinician to
determine a patient’s probability of surviving free
of recurrence for more than 5 years. Then the
clinician can decide an appropriate treatment plan
accordingly.
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Figure 1: Actual survival compared to predicted
survival curve.
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Figure 2: Disease-free survival curve of cases
predicted to recur within five years (Bad)
compared to those predicted to recur at some time
greater than five years (Good).

In order to compare the separation result to a
single time point model, we separated the training
sets into good and bad outcomes using 5 years as
the cut point and removed the censored cases less
than 5 years in the training folds while performing
the ten-fold cross-validation.  Survival curves
were then obtained using the true outcomes,
separating the cases by the predicted class. We
applied Naive Bayes (NB) and ANN to the single
time point model with the two datasets.
Interestingly, the single time point model
separated the WPBC data well (P=0.0021 for NB;
P=0.0104 for ANN using the Wilcoxon test on the
true outcomes). However, the separation was
inferior to our model for the Love data (P=0.6159
for NB; P=0.1832 for ANN).



If we divide a dataset into more homogeneous
subgroups, such as Love treatment vs. Love
control or WPBC- vs. WPBC+, our multi point
predictive model is less effective. For example,
in Figure 3, only the separation in the Love
treatment group is significant (P=0.0001). To
understand the reason, we investigate the
separation crossing different subgroups. In the
Love data, they are treatment good vs. treatment
bad, treatment good vs. control bad, control good
vs. treatment bad, and control good vs. control

bad. In the WPBC data, they are WPBC- good vs.

WPBC- bad, WPBC- good vs. WPBC+ bad,
WPBC+ good vs. WPBC- bad, and WPBC+
good vs. WPBC+ bad. Table 1 and Table 2 show
P values of the above comparison pairs in both
datasets. These two tables show that the
separation of the whole dataset may result from
the separation crossing a different subgroup. For
example, the significant separation in the whole
Love dataset is not only from the separation
between treatment good and treatment bad, but
also from treatment good and control bad.
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Figure 3: Both datasets were divided into two
subgroups, and then separated by predicted
outcome within each subgroup.

This result indicates that the prediction is good

enough to help discriminate good and bad
prognostic groups from the patient population, but
is not good at the same decision within a more
homogeneous subgroup. There may be several
reasons for the not-good-enough prediction. The
first reason is the independent variables (only
morphometric features) are not strong enough.
Other strong predictors, such as tumor size,
estrogen receptor status and progesterone receptor
status, are not used in this experiment in order to
compare two datasets. The second reason is the
data size. The total data sizes of the WPBC and
Love datasets are 198 and 462. For pattern
recognition, the sizes of both datasets are small.
Splitting each small dataset further into two
subgroups will increase the difficulty of
separation in each subgroup.

Table 1 P-values (Wilcoxon test ) of separation
in Love treatment and control

Treat Good Ctrl Good
Treat %
Bad 0.0001 0.0794
Ctrl -
Bad 0.0015 0.7523

Table 2 P-values (Wilcoxon test ) of separation
in WPBC- and WPBC+

WPBC- Good WPBC+ Good
WPBC-
Bod 0.6349 0.4792
WPBC+ 0.0025% 0.2590
Bad
Discussion

In this study, we used an ANN model to build a
prognosis decision support tool and compare
breast cancer prognosis results in two datasets.
Our results show that this model can accurately
predict the survival probability of each time
period after a patient has a surgery.

In a clinical setting, prognosis is a very important
indicator to determine a course of treatment, such
as chemotherapy, after surgery. Often, patients are
divided into high-risk and low-risk groups that
follow different rules for therapy. Thus, a good
classification is very important. In this research,
we used recurrence at five years as a cut point to
define the level of risk. The ANN model can
answer the following question effectively: “After
surgery, what is the level of recurrence risk for
this breast cancer patient compared to all other
patients?” Our results show that this ANN model
can classify outcomes well in the whole dataset.
This result is consistent with Street’s [12] original



study. However, if the prognosis question is,
“What is the level of risk for a lymph -negative
compared to all other lymph-negative patients?”
this ANN model can not answer the question
effectively. Using better predictive methods and
larger data sets may improve the prediction.

We note that, for effective prognostic prediction,
each model needs to be constructed on a set of
comparable cases. For a number of reasons
(including sample preparation and base
population differences), the WPBC and Love
data sets are not directly comparable. One final
caveat is that the results presented here represent
a cross-validated retrospective study. We have
every reason to believe that results on new cases
(drawn from the appropriate population) would
be similar; however, no prospective study using
this technique has been performed.

In future work, we can incorporate more
prognostic factors such as tumor size, estrogen
receptors status, progesterone receptors status,
and HER2/neu status to improve the prediction.
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