Chapter 2

Efficient Support Vector Machine Method
for Survival Prediction with SEER Data
Zhenqiu Liu, Dechang Chen, Guoliang Tian, Man-Lai Tang, Ming Tan,
and Li Sheng

Abstract Support vector machine (SVM) is a popular method for classification,
but there are few methods that utilize SVM for survival analysis in the literature
because of the computational complexity. In this paper, we develop a novel L1
penalized SVM method for mining right-censored survival data (L1 SVMSURV).
Our proposed method can simultaneously identify survival-associated prognostic
factors and predict survival outcomes. It is easy to understand and efficient to use
especially when applied to large datasets. Our method has been examined through
both simulation and real data, and its performance is very good with limited
experiments.
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2.1

Introduction

Survival prediction and prognostic factor identification play an important role in
medical research. Survival data normally include a variable indicating whether
some outcome under consideration (such as death or recurrence of a disease) has
occurred within a specific follow-up time. The modeling technique has to consider
that for some patients the follow-up may end before the event occurs. In other
words, we must take into account patients for whom the event has not occurred
during the follow-up period but might have occurred just after it. This makes it
more difficult to apply a standard machine learning method for survival prediction.
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Many models for survival prediction have been proposed in the statistical
literature. However, most of them are designed for small datasets and not suitable
for large data mining. The most popular one is Cox proportional hazards model
[1, 2, 7, 14], in which model parameters are estimated with partial log likelihood
maximization. Another one is the accelerate failure time (AFT) model [5, 15, 16].
AFT is a linear regression model in which the response variable is the logarithm or a
known monotone transformation of a failure (death) time. Even though the semiparametric estimation of an AFT model with an unspecific error distribution has
been studied extensively in the literature, the model has not been widely used in
practice, mainly due to the difficulties in computing model parameters [4].
Recently, AFT has been applied to gene expression data with a small size but a
large dimension [9, 11]. Survival prediction with the area under the ROC curve
(AUC) maximization has also been proposed [8] for high-dimensional gene expression data with a small size. However, it is much more difficult to apply these
methods for survival data with a large size and a high dimension.
The size in a retrospective surveillance, epidemiology and end results (SEER)
dataset is usually very large. For example, the lung cancer data set from SEER that
contains the records of lung cancer patients who were diagnosed from 1973 to 2002
has more than 500,000 patients; and the breast cancer data set also has more than
500,000 patients at the same time span. Cancer data also contain a high percentage
of censored observations. With the above mentioned lung cancer data set, for
instance, 34% of total records involve censored times. Ignoring records that contain
censored observations or treating censored data as the actual life-times will produce
biases in survival modeling. Traditional statistical methods fail to deal with large
survival data sets. New methods are required for mining the SEER data efficiently.
Though there are many publications for L1 SVM in the classification framework
[10], there are few SVM methods for survival analysis because of the computational
complexity. In this paper, we propose a novel L1 [12, 13] SVM approach for
survival outcome predictions (L1 SVMSURV). At the same time, L1 SVMSURV
is utilized to automatically identify survival-associated prognostic factors. The
proposed models are evaluated with simulation and real data using the global
AUC summary (GAUCS) measure [3]. The paper is organized as follows.
In Sect. 2.2, we formulate L1 SVMSURV under the accelerate failure time framework and introduce the GAUCS measure. Experiments with simulation and real
survival data for model performance evaluation are given in Sect. 2.3. Finally,
conclusions and remarks are provided in Sect. 2.4.

2.2

L1 SVMSURV for Censored Survival Outcomes

Consider a set of n independent observations fTi ; di ; xi gni¼1 , where di is the censoring
indicator and Ti is the survival time (event time) if di ¼ 1 or censored time if di ¼ 0,
and xi ¼ ðxi1 ; xi2 ; . . . ; xim Þt is the m-dimensional input vector of the ith sample. Let
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w ¼ ðw1 ; w2 ; . . . ; wm Þt be a vector of regression coefficients and fðxi Þ be the
nonlinear transformation of xi in the feature space. The AFT model is defined as
Mðxi Þ ¼ wt fðxi Þ;

i ¼ 1; . . . ; n;

(2.1)

where Mðxi Þ>logTi if di ¼ 0 and Mðxi Þ ¼ logTi if di ¼ 1. Because there are both
equality and inequalityP
constraint in the model, simple least square solution will fail
to work. We use L1 ¼ ni¼1 jwi j as the penalty for the sparse solution and have the
quadratic L1 SVMSURV:
min

n
n
X
1 X
x2i þ l
jwi j
2n i¼1
i¼1

s:t: jwt fðxi Þ  logTi j<xi ;
wt fðxi Þ>logTi  xi ;
xi r0;

if
if

di ¼ 1;

(2.2)

di ¼ 0

8 1bibn:

When ties in the event times are presented, variables associated with each tied
time appear in the constraints independently. We can define an index function
Iðdi Þ ¼ 1 if di ¼ 1, and I is defined as Iðdi Þ ¼ 1 if logTi rwt fðxi Þ and 0, otherwise,
when di ¼ 0. Then, we have
Jðw; lÞ ¼

n
n
X
1 X
Iðdi Þfwt fðxi Þ  logTi g2 þ l
jwi j:
2n i¼1
i¼1

(2.3)

Since jwi j does not have the first order derivative at 0, we will use the similar
procedure proposed by Liu et al. [8] for parameter estimation. Rewrite Jðw; 0Þ as a
function of the kth parameter wk , and let the remaining parameters wk be fixed. We
have
1 X
Jðw; 0Þ ¼
Iðdi Þðwt fðxi Þ  logTi Þ2 ;
2n i
(2.4)
1
¼ bk w2k þ ck wk þ dk ;
2
where
P

bk ¼

1
n

ck ¼

Iðdi ÞðlogTi  wtk Fk ðxi ðxi ÞÞ;
P
1
Iðdi ÞðlogTi  wtk Fk ðxi ÞÞ2 :
2n

dk ¼

1
n

i
P
i

i

Iðdi Þf2k ðxi Þ;
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Equation (2.4) is a quadratic function of wk , and we have the following first order
derivative w.r.t. wk :
@Jðw; 0Þ
¼ bk w k þ c k :
@wk
Since w is not differentiable at 0, the first derivative of Jðw; lÞ is a step function:
8
< fðbk wk  ck Þ  lg; wk <0
@wk Jðw; lÞ ¼ ½ck  l; ck þ l; wk ¼ 0
:
fðbk wk  ck Þ þ lg; wk >0

(2.5)

We therefore can update each coefficient wi with the following equation:
8
< ðl þ ck Þ=bk ; ck <  l
wk ðck Þ ¼ 0; ck 2 ½l; l
:
ðl þ ck Þ=bk ; ck >l

(2.6)

The model performance is evaluated by the GAUCS measure. In survival analysis,
the AUC is a time dependent measure. We will utilize the GAUCS measure for the
comparison of
R model performance. The GAUCS is defined by averaging over t:
GAUCS ¼ 2 AUCðtÞgðtÞSðtÞ dt ¼ PrðMj >Mk jtj <tk Þ, which indicates the probability that the subject who died (case) at an earlier time has a larger value of the
risk score. In the above equation, SðtÞ and gðtÞ are the survival and corresponding
density functions, respectively.

2.3

Computational Results

Simulation data: Simulation studies were conducted to evaluate the performance of
the proposed method under different assumptions. The following describes the
method to generate input data with censored survival outcomes that emulate the
mechanisms presented by the actual data. We first sample 12-dimensional input
data x with 10,000 training and test samples, respectively, from a multivariate
normal distribution with zero means and variance–covariance matrix S. S is set to
have the same correlation coefficient r for all input variables and different
r ¼ 0; 0:2; 0:4; 0:6; and, 0:8 will be chosen to assess the performance of the proposed method. We then choose model parameters w ¼ ½1:9; 2:8; 1:7; 0; 0; 0; 0; 0;
0; 0; 0; 0T and calculate Z ¼ wt x þ e. Hence, this model is only associated with the
first three input variables plus random noise. Finally, we compute
H ¼ Aexpð0:5ZÞ with A ¼ 100, sample the survival time Ti from Weibull random
number generating function, and build di ¼ ðrandð1; 1Þ þ CÞTi , such that the
censoring status is di ¼ Ti <di . Different Cs give different portions of censored data.
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Fig. 2.1 Regularization path and test GAUCS

We analyze the simulation data with L1 SVMSURV and build the model with the
training data and evaluate the performance of the model with the test data. The
regularization parameter l is determined with tenfold cross-validation with training
data only. To prevent bias arising from the specific data, we simulate the data 100
times. The average computational results are reported in Fig. 2.1.
The upper left subfigure is the regularization path with different ls. It shows
that only three nonzero wi s are left when lr0:1 and all wi s go to zero when l ¼ 1.
The upper right subplot shows that the value of the optimal test GAUCS is 0.9183
with l ¼ 0:45 for simulation data with no censoring. Combining both upper
subplots, we conclude that our proposed method correctly selects the three variables. The lower left subplot shows the average value of the test GAUCS with
different correlation coefficients r among input variables. As correlations among
input variables increase from 0.1 to 0.8, the average value of the test GAUCS over
100 test data sets decreases from 0.898 to 0.873. Finally, the lower right subplot
shows that the value of the test GAUCS also decreases with the increase of the
percent of censored data, but the decrease is not statistical significant, which
indicates that the proposed model is robust.
SEER prostate data: Prostate cancer is the most common cancer, other than skin
cancers, and the second leading cause of cancer death in American men, behind
only lung cancer. In this paper, we study the SEER prostate cancer registry data
from 2000 to 2003 in the states of Greater California, Kentucky, Louisiana, and
New Jersey. There are in total 104,363 patients in the database. For the comparison
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purpose, we only study 13,975 samples which do not contain missing tumor size
information. Fifteen potential prognostic factors are included in the model, including age, race, married status, grade, size of tumor, clinical extension of tumor,
lymph node involved, number of positive nodes examined, number of nodes
examined, surgery performed, radiation, radiation sequence with surgery, stage
(TNM), PSA marker, and number of primaries. We divide the data into training
and test data with a roughly equal size. The regularization parameter is again
determined by tenfold cross-validation. To prevent bias and overfitting from a
specific grouping, we partition the data 100 times and the average l and test
GAUCS values are shown in Fig. 2.2.
The left subplot shows that the optimal test GAUCS ¼ 0:7707 is reached at
l ¼ 0:05. There are five prognostic factors associated with survival, i.e., age
(0:179  0:002), tumor size (  0:002  0:0003), the clinical extension of tumor
(  0:001  0:0002), radiation (0:1  0:007), and stage (  0:06  0:0008), where
the values in the parenthesis are the mean and standard deviation of wi for each
prognostic factor. They indicate that patients who have cancer in their later age and
those who have been exposed to radiations may survive longer and patients with a
large tumor size, clinical extension of tumor, and late stage may die earlier. Our
conclusion that younger men with prostate cancer have shorter survival times is
consistent with the finding in [6]. While the reasons for this unexpected but excited
finding are not clear, one explanation may be that young men with prostate cancer
may have biologically more aggressive forms of the disease than the forms
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diagnosed in older men. Additional studies are needed to determine what, if any,
underlying differences exist between prostate cancer found in young men and that
found in older men. These studies may help clinicians improve screening in young
men and could ultimately lead to the development of better treatment strategies for
young patients. Finally, the right subplot shows the performance comparison of our
proposed model with the TNM stage system. It is seen that the average value of the
test GAUCS increases roughly 22% from 0.62 to 0.77.

2.4

Conclusions and Remarks

Analysis of censored failure time data containing a huge number of samples is
important in practice, especially for data containing millions of patients’ records.
How to mine these databases and identify important prognostic factors presents a
class of interesting and challenging questions. In this paper, we propose a L1
penalized SVM method for simultaneous variable selection and estimation. The
simulation studies and the real example on prostate cancer illustrate that the
proposed method can effectively reduce the dimension of the input variables and
select important survival-associated prognostic factors while providing satisfactory
estimation and prediction. More work can be done regarding improvement and
validation of the proposed method. This constitutes our future work. For example,
the asymptotic properties of the model will be studied in our future work, and we
will apply the proposed method to other cancer data sets.
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