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ABSTRACT

Neural networks offer the potential of providing more accurate predictions of survival time than do tradi-
tional methods. Their use in medical applications has, however, been limited, especially when some data are
censored or the frequency of eventsislow. To reduce the effect of these problems, we have developed a hierar-
chical architecture of neural networks that predicts survival in a stepwise manner. Predictions are made for the
first timeinterval, then for the second interval, and so on. The system produces a survival estimate for patients
at each interval, given relevant covariates, and is able to handle continuous and discrete variables, as well as
censored data. We compared the hierarchical system of neural networks with a nonhierarchical system for a
data set of 428 AIDS patients. The hierarchical neural-network model predicted survival more accurately than
did the nonhierarchical model (although both had low sensitivity). The hierarchical model could also learn the
same patterns in less than half the time that was required by the nonhierarchical model. These results suggest
that the use of hierarchical systems is advantageous when censored data are present, the number of eventsis
small, and time-dependent variables are necessary.

1. SURVIVAL ANALYSIS

Two functions of central interest in modelling survival data are the survivor function and the hazard func-
tion. The survivor function is defined as the probability that an individua survives at least up to a certain time.
The hazard function represents the probability that an individual will die at a certain time, conditioned on his
survival up to that time, and denotes the instantaneous death rate [1]. Survival analysis models, such as actuar-
ia life-tables [2], product-limit estimators [3], proportional hazards [4], and fully parametric models [5] pro-
duce estimates for both the survivor function and the hazard function. Parametric methods of survival analysis
require specification of a probability density function for estimating these functions. Nonparametric models do
not require this specification, and are predominant in the biomedical literature. Researchers have recently
applied new nonparametric models for survival analysis, such as regression trees [6] and neural networks[7],
in medical data. Many concepts used commonly in classical models of survival analysis can aso be employed
in neural-network applications.

Actuarial life-tables and product-limit estimators of survivor functions are simple models that help
researchers to summarize survival data. Both types of models involve the assumption that the survival of an
individual at timet is conditioned on his survival at timet-1. The survivor function for actuaria life-tables and
product-limit estimatorsis
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where d; is the number of deaths in interval j and n; is the number of individuals at risk. In the actuarial
method, nj is the average number of individuals at risk. Actuarial life tables and product-limit estimators differ
in the way that time intervals are built. The former model predefines intervals of equal duration and groups
deaths in those intervals. The latter model builds one interval for each death, and therefore does not cause loss
of information. Both models allow for censored data. Figure 1 displays a Kaplan—Meier survival curve for a
cohort of AIDS patients. Neural network models, as we will demonstrate, also can estimate survivor functions
in intervals when censored data are present. The Cox proportional hazards model is frequently used to study
the importance of covariates for survival, and to produce surviva prognoses. The Cox model is a multiple
regression semi-parametric model that allows modeling of continuous covariates. It requires the assumption
that thereis asimplifying transformation of the initial data and that the hazards for the different individuals are
proportional. A baseline hazard has to be estimated and hazards for individuals are multiples of the baseline



hazard. Although there are methods to test the validity of the assumptions [8], they are seldom used in prac-
tice. Hanson et al. described a cohort of HIV+ patients for whom the assumption of hazard proportionality
does not hold [9]. For these cases, fully nonparametric models of survival that allow non-proportional haz-
ards are needed. Actuarial life-tables and product-limit estimators could be used to produce survivor esti-
mates for different strata, which should then be compared by the Mantel-Haenszel method [10], but this
method cannot deal with continuous variables. Furthermore, stratifying data may result in few patients in

each stratum, decreasing the statistical significance of the study. o
The most common applications of neural networks

Figure 1. Kaplan—-Meier Survival Curve  jn clinical medicine have been for diagnosis of diseases.
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of breast-cancer patients using neural network models.
In their models, time was entered as a predictor, and
each patient had as many entries in the model as the
number of intervals during which she was alive. The
intervals were derived from Kaplan—-Meier estimates,
according to percentiles. The survival curves for the quartiles that generated similar prognoses were then
plotted, and were compared with those of a Cox regression. There were no significant differences. The data
probably respected the proportionality assumption, although this hypothesis was not tested explicitly. A bias
was introduced by coding time as a covariate, and the authors had to balance the input data set to account for
that bias. The importance of individua variables to the overall prediction of survival was not analyzed. The
work of Ravdin et al. was one of the first studies to address the use of neura networks for survival analysis
using real clinical data, producing accurate estimates for survival of breast cancer patients, and raising the
important issue on how to deal with censored data in neural-network implementations for survival analysis.
McGonigal et al. [15] have recently applied neural network models to assess the probability of survival for
trauma patients, and the neural network model compared favorably with other systems. Their model also had
a nonhierarchical implementation. Hierarchical implementations of neural networks have been developed
for nonmedical problems. Curry et a. built a system of hierarchical neural networks to classify mass spectra
[17], and showed that high classification accuracy was achieved. The hierarchical model was not compared
to a nonhierarchical one. In this paper, we compare the performance of these two types of models for sur-
vival prediction of AIDS patients.

2. HIERARCHICAL NEURAL NETSFOR SURVIVAL ANALY SIS

We have shown previoudly that the decomposi-
tion of a classification task in small subcomponents
facilitates learning in neural network systems, espe-
cially when there are hierarchies of solutions and
the frequency (prior probability) of certain catego-
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Figure 2. Nonhierarchical Neural Network
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works to identify rare events, we designed the fol-
lowing experiment. We developed three systems of
neural networks to perform survival anaysis. In a
nonhierarchical system, output nodes correspond to
the probability that an individual will die during the

This neural network predicts which patients died
within one, two, and three years of follow-up. The
square represents the number of patients who were
alive. The smaller circle represents the patients
who died in the first year, the intermediate circle
represents the ones who died in the second year,
and so on. Censored data were not used.



first interval, second interval, and so on. Outputs are mutually exclusive. The training data correspond to indi-
viduals who have been followed for as many intervals as there are output categories (e.g., “alive,” “death in
oneyear,” “death intwo years’). In anonhierarchical model, Type| censored data (data from patients followed
for a short interval) are not used, since the status of the patient during the last intervals is not known. Figure 2
displays anonhierarchical model.

Two other systems predict prognoses hierarchically. In these systems, each of the component networks cor-
responds to an interval in time. One of the systems predicts cumulative survival (that is, the system triesto pre-
dict if a certain patient will be dead after an interval of time), and the other predicts the conditional survival
(that is, the probability that a certain individual who has survived up to a certain time will survive up to the
next interval). In the former case, even though the event frequency (i.e., the number of deaths) may be low for
the first intervals, the frequency in the late intervals is increased due to accumulation. In both cases, even
though the number of eventsislow compared to the total number of individuals, we consider only the number
of events relative to the number of individuals at risk during each interval, so the frequency of eventsis pro-
portionately increased in each of the component networks. Censored data are allowed in the hierarchical sys-
tems. Figure 3 displays a hierarchical system to predict absolute, cumulative survival. Figure 4 displays a
hierarchical system to predict instantaneous, conditional survival.

Figure 3. Hierarchical Neural Network for
Predicting Absolute Survival
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in intervals of (a) 1 year, (b) 2 years, and (c) 3 years.
Squares correspond to the patients who were

alive, and the circles correspond to patients who
died in the interval.

Data censored in the second year are used in the
first network (429 patients). Data censored in the
third year are used in the second network (389
patients). Data used in the third network are the
same as those used in the nonhierarchical model in
Figure 2.

Figure 4. Hierarchical Neural Network for
Predicting Conditional Survival
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This system of neural networks predicts the death of
a patient conditioned on his survival up to that time.
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excluded. Censored data are treated as the model
shown in Figure 3.



The training data correspond to individuals who have been followed for at |east the same number of days as
that of theinterval of prediction. Datafrom censored individuals are used, but the data are presented to the net-
work only up to the point where the data are confirmed. Therefore, the neural networks that are higher in the
hierarchy (those predicting the event in the first intervals) receive more input patterns than do the onesthat are
lower in the hierarchy. Each of the component networks may receive different values for time-dependent vari-
ablesfor the same individual. Our neural-network systems can model nonlinear relationships between continu-
ous covariates and outcomes. The hierarchical neural-network systems are able to use Type | censored data
and can potentially deal with time-dependent variables. We studied the ability of our modelsto fit the data, and
to generalize to new cases. The following compares these three systems for a database of HIV positive
patients.

3. NEURAL NETWORKSFOR SURVIVAL ANALYSISIN HIV INFECTION

The ATHOS database is a prospective, longitudinal, primary data set of HIV+ and at-risk subjects, col-
lected from 10 clinics in California, under the direction of Dr. James Fries [20]. Data describing a subset of
428 patients from the ATHOS collection were used in the present experiment. All patients in the ATHOS data
set for whom the values of the independent variables were known, and who has been followed for more than
one year were selected. The Kaplan—-Meier surviva curve for this subset is shown in Figure 4. We predicted
death in one, two, and three years for this subset of patients using the hierarchical model, and compared its per-
formance with that of a standard nonhierarchical neural network model. We divided the data set into atraining
set (entries with odd numbers) and atest set (entries with even numbers). Parameters were estimated using the
training set and evaluation used the test set. The independent variablesincluded age, gender, ethnic origin, risk
behavior, educational level, AIDS-defining diagnoses, and duration of AIDS. The dependent variable was
death caused by AlDS-related conditions in each time interval. No time-dependent variables were used in this
experiment. The frequencies for each event in our three models are shown in Figures 2, 3 and 4.

Each network of the hierarchical system was composed of twenty-seven input nodes, four hidden nodes,
and two output nodes. Input values for age and for duration of AIDS were continuous, whereas input values for
gender, ethnic origin, risk behavior, educationa level, AIDS-defining diagnoses, and outputs for “alive” or
“death” at each interval were coded by dummy variables. The nonhierarchical model had twenty-seven input
nodes, ten hidden nodes, and two output nodes, so that it had approximately the same number of weights asthe
hierarchical system. Both systems used the backpropagation algorithm [21] for estimating the weights. The
learning rate for both systems was 0.01, no momentum term was added, and the cross-entropy error function
was used. Output values corresponded to the probability of a given category (e.g., “dead in one year,” “aive”),
and always summed to 1.0. We studied the ability of our networks to learn the death patterns using the training
set, and their ability to generalize using the test sets.

The nonhierarchical model that predicted conditional survival took approximately 32,000 epochs to recog-
nize at least half of the patients who died in the third year (the least frequent output category, representing only
12% of the patterns). The hierarchical models took approximately 16,000 epochs. Since the time required per
epoch in the hierarchical system is smaller than that of the nonhierarchical system, this difference showed that
the hierarchical models could learn the same patterns in less than half of the time that required by the nonhier-
archical model. We believe that this difference is due primarily to the different frequencies involved in the
input data for each system. This hierarchical system could correctly identify nine patients out of thirty who
died in the third year, whereas the nonhierarchical model could recognize only five. The specificity, or true-
negative rate, of the hierarchical model at this level was superior (0.95 and 0.87). The hierarchical model was
also able to recognize more patients who died in the second year than could the nonhierarchical model (12 and
7, respectively, corresponding to true-negative rates of 0.75 and 0.79). The performance was approximately the
same as that of the nonhierarchical model for detecting patients who died during the first year of disease (17
patients recognized for the hierarchical system and 20 for the nonhierarchical system, with true-negative rates
of 0.81 and 0.71, respectively). In the latter case, the pattern frequencies were approximately the same in both
systems, so no improvement was indeed expected.

The nonhierarchical model that predicted absolute (or “unconditional”) survival was even better for detect-
ing deaths in the second and third years than the nonhierarchical model, because for these intervals the cumu-
lated percentage of deaths (see Figure 4) made this category of patterns more easily identifiable. These
preliminary results support our hypothesis that neural-network systems are able to recognize infrequent pat-
terns after a number of training cycles that is inversely proportional to the frequency of those patterns. The



overall sensitivities and specificities of the hierarchical models, although superior to those of the nonhierarchi-
cal models, were small. The limited use of data and the small number of patients may have caused the poor
prognosis prediction in this preliminary experiment. The hierarchical systems of neural networks, by increas-
ing the relative frequency of the outcome being sought, can greatly increase the speed of learning, whereas
they do not hinder accuracy performance, when compared to nonhierarchical neural—-network systems.

4. CONCLUSION

We compared three neural network models for survival analysis. For a cohort of 428 AIDS patients, the
hierarchical neural-network models for survival analysis could learn infrequent patterns faster than could a
nonhierarchical model. The hierarchical models also provided better accuracy in predicting death for this
cohort.
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