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Finding associations between expression profiles and simple phenotypic data
such as class labels has been studied extensively, including prediction
algorithms for new samples based on these relationships. However, much
work is needed to link expression profiles to more complex response variables,
most notably survival data with censoring. Reducing the survival data to a
short-term versus long-term survival indicator or using survival curves merely
to demonstrate the difference between clusters of samples is not an efficient
use of the data. We review some of the progress and challenges in this area.
We discuss the need for more consistent results among studies done on
different microarray platforms, for development of sample-specific predictive
scoring schemes, and for a more comprehensive analysis that incorporates
other prognostic factors and clearly demonstrates the added value of
expression profiling over current protocols.

Cluster analysis; dimensionality reduction; censored data; Kaplan-Meier
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1. INTRODUCTION

From the beginning, one of the most exciting areas of application
envisioned with the microarray technology has been its use in the clinic. By
obtaining a ‘molecular portrait’ of diseases, we would gain fresh
understanding of the disease processes at the molecular level, which would
allow us to improve our classification of diseases and aid in discoveries of
new subtypes. This would quickly lead, it was advertised by some, to the
realization of ‘personalized medicine,’ in which diagnosis and prognosis, as
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well as treatment plan, would depend on the individual’s genetic
information.

In the past few years, there has been a great effort in many aspects of this
endeavor, to a varying degree of success. Although much is left to be
desired, there has been substantial improvement in the quality of the
transcript measurements, both for spotted cDNA arrays and for
oligonucleotide arrays by Affymetrix. There have been some alternative
technologies as well, especially the spotted or printed oligonucleotide arrays
with longer probes. In terms of analysis, much of the initial work has been
in associating expression data with a binary response variable such as the
labels indicating cancer or normal tissue. The common tasks have been to
identify genes that are highly correlated with the disease classification and
then to use these genes to build a prediction scheme. Numerous methods of
varying complexity have been applied to this problem. Starting with the
‘signal-to-noise’ metric and ‘weighted-voting’ prediction scheme in Golub et
al. [1999], a seemingly countless number of methods from numerous
disciplines has been applied to this problem, ranging from traditional
statistical techniques to the latest computer-intensive techniques.
Unfortunately, it is still unclear which method performs the best in general
because too many methods have been applied to few relatively easy datasets,
all claiming superiority against a method known to be less than optimal. A
subset of these methods was subsequently expanded to the case of multiple
classes, in order to deal with many subtypes of diseases [Bhattacharjee et al.,
2001; Ramaswamy et al., 2001; Pomeroy et al., 2002; Rifkin et al., 2003].
Many modifications to the multi-class problem, however, have been
relatively simple extensions of the binary case, in which a series of one
versus many comparisons are combined.

There are other types of data besides these nominal ones that will be
important in more comprehensive studies in the future. In ordinal data, the
order is important in the categories, such as ‘minor’, ‘moderate’, ‘severe’, or
‘fatal’ for a disease progression; in discrete data, both the order and the
magnitude are important, such as the number of relapses of a disease; and in
continuous data, the measurements are not restricted to specified values.
Effective methods are yet to be determined or developed in most of these
cases.

An important phenotypic variable which has received more attention
recently is the patient survival times. It has been gradually recognized that
gene expression must be considered in the context of all other patient
characteristics and that it can provide more information than simple disease
classification. Survival times are obviously an important characteristic that
has direct and immediate implications. Survival analysis is a collection of
statistical methods for describing the distribution of survival/failure times or
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any other time-to-event, and a large number of tools exist in that literature.
However, there has not been a strong link yet to the high-dimensional setting
encountered with expression data. Some properties and methods of analysis
for survival data will be described briefly in the next section, but it suffices
to note that the number of studies correlating gene expression with survival
data has increased dramatically. Well represented already are different types
of cancers, but now there are studies involving other clinical aspects, such as
renal allograft rejection [Sarwal et al., 2003].

With survival data, careful analysis is imperative [Altman and Royston,
2000]. For example, many earlier studies may be flawed in their claims of
high prediction rate in classification of samples due to a selection bias
[Ambroise and McLachlan, 2002; Simon et al., 2003]. A simple simulation
in Simon et al. [2003] shows that a high classification rate can be achieved
in the popular leave-one-out cross-validation even for randomly generated
data if the sample that is left out for testing has been used in generating the
list of genes used in prediction. While this may appear obvious, the mistake
happens surprisingly often. It is common, for example, to normalize the data
and filter the genes to get a manageable number of genes, in the order of few
hundred or a thousand genes, before the main analysis including cross-
validation is carried out. The estimation of correct leave-one-out prediction
rate, however, requires that the whole process including normalization and
filtering be repeated each time a sample is left out. The effect of
normalization while including the validation sample may not be large, but
the effect of a filtering in the same way is often larger than expected. This
error is no longer prevalent in the literature, but other subtle issues still
remain. In some instances, the estimation of the prediction rate involves
some circularity, with genes used as predictors having been used in the first
place to define the groups [Sorlie et al., 2003].

2. CURRENT USE OF SURVIVAL DATA

The main difficulty with patient survival data is the presence of
censoring. Censoring occurs when the outcome is not observed for a patient.
For example, in a cancer trial, a group of patients is followed prospectively
for a period of time and the outcome variable may be time to death. At the
end of the study period, however, mostly likely not all patients will have
died; also, some patients may have left the study early for reasons unrelated
to the disease or trial. We may know that a patient has lived at least two
years, for instance, but do not know the exact time of death. Death is one
example of an event; in general, the response variable can be any time-to-
event data. Common variables include time to relapse of a disease, number
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of occurrences of a disease, and time to disease-free state after a treatment.
Censoring can be either left-censored or right-censored or both. In a
prospective study, a group of patients with a particular disease may be
recruited and followed. For some patients, the date of diagnosis may be
known but they may be considered left-censored if the disease was
contracted at some unknown time prior to the diagnosis. Unless this effect is
severe or can be corrected in the analysis, however, we assume that the time
of diagnosis is close to the start of disease and do not consider them as
censored. Right-censoring is generally the more serious problem and cannot
be ignored if unbiased estimates are to be obtained. We usually assume
uninformative censoring, that the censoring is not related to the effects under
investigations. For example, if a patient drops out of a study because he has
moved to another location, that is considered uninformative; if he drops out
due a deteriorating condition, that is not uninformative. Without this
assumption, the analysis becomes more difficult if not impossible.

In most clinical studies, censoring is a serious issue that must be dealt
with efficiently. Observed endpoints are desirable from the analysis point of
view, but censoring inevitably occurs; it is not unusual to have more than
half the patients censored in a trial. In gene expression studies, survival
endpoints have not been used in an efficient manner so far. In the simplest
approach, patients were roughly divided into two categories, for short-term
and long-term survival. This reduced the problem into the dichotomous
variable case, for which numerous methods are available. The problem with
this, however, is that much information is thrown away, as may be
evidenced in large within-group heterogeneity. If a two-year survival is used
as a cut-off in a study, for example, a patient who survived just over two
years may be put in the same group as someone who survived ten years
while he is put in the different group from someone who survived just under
two years.

In a more popular approach, many of the studies employed the strategy of
clustering the patients according to their expression profiles first and then
showing that the patients in different clusters have statistically significant
differences in survival outcomes. Hierarchical clustering has been the
favored clustering scheme and using Kaplan-Meier curves and log-rank tests
for patient survival have been the common methods for demonstrating the
differences among clusters so far. The Kaplan-Meier method is a
nonparametric technique for estimating the probability that an individual
survives beyond a given time; the idea behind the log-rank test is to
construct a series of contingency tables for group versus survival status at
each time at which a failure occurs and then to combine the information
from the tables using the Mantel-Haenszel statistic.



Methods of Microarray Data analysis IV 25

While this approach has been fruitful in demonstrating that there is a
relationship between expression profiles and survival, it is an indirect and
inefficient use of the data. Prediction is made only in that a patient may be
put in one group which, on the average, has a different survival function
from the others. In a sense, survival data are used merely to verify the
effectiveness of the clustering algorithm. In fact, further separation in the
Kaplan-Meier curve has been used as a criterion for judging the quality of
clustering algorithms at times. A more effective use of the data would be to
build a predictive model that will make direct profile-specific estimates on a
continuous scale. There have been some progress in this direction and some
examples are mentioned in the next section.

3. CHALLENGES

3.1 Technological limitations

One of the major problems in expression analysis has been the lack of
consistency and reproducibility in the data. If, for instance, the relationship
between an expression profile and its survival prediction holds only within a
particular study, it is not clear how much of the conclusion was real and how
much was an artifact of the analysis method. Before microarrays can be
used more routinely for diagnostic or prognostic purposes, this issue of
reproducibility must be better understood.

Some have suspected early on that there may be substantial difference in
the results from the cDNA arrays manufactured in small-scale laboratories
and from the oligonucleotide arrays, especially the high-density Affymetrix
arrays with multiple 25-mer probes for each target sequence. This lack of
concordance was first reported in Kuo et al. [2002] using the data from a
panel of 60 cancer cell lines from the National Cancer Institute that were
hybridized onto both cDNA and Affymetrix arrays. Subsequently, there
have been other studies describing similar discordance for platforms
including the spotted or printed oligo arrays [Yuen et al., 2002; Tan et al.,
2003].

This issue is serious even within the same platform. Much of the work
with clinical application has been done with Affymetrix arrays, starting with
HuFL arrays and continuing with U95A-E, followed by U133A-B and U133
2.0 Plus series. However, while the basic fabrication technology has stayed
the same, there have been important differences among the different
generations of arrays, for example, with different number of probes in a
probe set for each gene. Improvements have come most notably in the probe
selection algorithms and in the calculation of summary expression measures.



26 Park

In Nimgaonkar et al. [2003], it is observed that there is substantial
disagreement among the Unigene matched genes between the HuFL and
U95A platforms, with greater agreement when more probes are shared
between the two probe sets for a gene. We have recently carried out a more
extensive and quantitative comparison using a dataset in which each sample
was hybridized both to U95A and to U133A (manuscript in submission).
With several commonly used methods of matching genes across the arrays
and preprocessing them, we were unable to reduce the dominant effect of the
array type: an unsupervised clustering results in a separation by array type
rather than disease type and there is substantial difference in the genes
identified as differentially expressed.

Given the difficulties of comparing data even among succeeding
generations of arrays within the same technology platform, it is not
surprising that data generated with differences in samples, instruments,
institutions, protocols, and platforms do not agree. Three prominent cases of
diseases with multiple data sets are diffuse large B-cell lymphoma [Alizadeh
et al., 2000; Rosenwald et al., 2002; Shipp et al., 2002]; lung carcinoma
[Bhattacharjee et al., 2001; Garber et al., 2001; Beer et al., 2002; Wigle et
al., 2002]; and breast cancer [Perou et al., 2000; Hedenfalk et al., 2001;
Sorlie et al., 2001; West et al., 2001; van de Vijver et al., 2002; van ’t Veer et
al., 2002; Huang et al., 2003]. While the general conclusions of these
studies are the same, specific results can vary substantially. In particular, the
overlap of the marker gene lists is surprisingly small in general [Sorlie et al.,
2003].

Another reason for the disagreement in the results is the different
algorithms and their lack of robustness in data analysis. In Sorlie et al.
[2001], genes useful for classification were determined using patient survival
as the supervising variable in Significance Analysis of Microarrays [Tusher
et al., 2001]; in Jenssen et al. [2002], the same dataset was analyzed using a
variation on the univariate log-rank test on each gene. However, only 29
genes were common between the two lists containing 264 and 95 genes.
Compared to a different data set [van ’t Veer et al., 2002] that was analyzed
with the occurrence of metastasis as the patient outcome, only two genes
were in common between the lists with 174 and 95 genes.

This is in some respects reminiscent of the lack of reproducibility in
association studies that look for common genetic variants, such as single
nucleotide polymorphisms (SNPs), that contribute to disease susceptibility.
In these studies, most associations claimed do not appear to be robust
[Hirschhorn et al., 2002; Lohmueller et al., 2003]. In one study, a meta-
analysis showed that of the 166 putative associations which have been
studied three or more times, only six have been consistently replicated
[Hirschhorn et al., 2002]. The underlying problem is similar in both
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expression studies and genetic association studies: there are many factors
that contribute the phenotype but each with only a modest contribution.
Well-controlled studies with large samples and robust analysis are needed to
verify the results in both cases.

There has been at least some success in comparing independent data sets.
In Sorlie et al. [2003], class prediction using a variant of nearest-centroid
classification method [Tibshirani et al., 2002] was performed, with one
dataset as a training set and two independent datasets as testing sets.
Although the number of genes shared in the informative gene lists was small
and using a set of marker genes found in one study only to predict the
outcomes in another does not perform well, using a set of common markers
performed better and similar subtypes were observed in all cases [Sorlie et
al., 2003].

3.2 Dealing with high-dimensionality

Any correlative analysis of survival data with gene expression inherits all
the problems associated with high-dimensional datasets in addition to the
problems caused by censoring. This is a fundamentally difficult problem,
and there are no simple solutions that are both mathematically rigorous and
offer biologically meaningful interpretation. A large part of current analysis
consists of exploratory analysis based on experience and available software.

After some initial filtering to eliminate non-expressed genes and genes
with small variability, the next step is to further reduce the number of
predictors to find informative genes. One approach is to use a well-known
mathematical technique for dimensionality reduction. Principal component
analysis and singular value decomposition are typical methods in this
category [Alter et al., 2000]. While mathematically attractive, the two main
disadvantages of these are that principal components or singular vectors may
not highly correlated with the outcome variable and that it is difficult to
assign meaning to them except in few simple cases. Sometimes the
coefficients of principal components or singular vectors can be examined to
determine those genes with large contributions, but usually a small subset of
dominant genes does not exist. If the goal of an expression profiling project
is to simply devise the most accurate prediction scheme regardless of its
interpretability, such a dimensionality reduction method followed by a
machine learning technique may give good results [Khan et al., 2001].
There are many machine learning methods such as neural networks and
genetic algorithms, but support vector machines appear to perform especially
well for that purpose [Brown et al., 2000].
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For a more complex analysis involving survival phenotype, a better
approach is to reduce the number of variables by grouping genes that are
similar in some measure, creating what some have referred to ‘metagenes’ or
‘supergenes.’ There are many variations on this idea. Based on Tukey’s
idea of compound covariates [Tukey, 1993], one can form a linear
combination of genes with similar expressions with weights corresponding
to the statistic from the two-sample t-test. This is the approach taken in
Hedenfalk et al. [2001] and discussed further in Radmacher et al. [2002],
including its relationship to the weighted-voting method [Golub et al., 1999].
In the tree-harvesting method [Hastie et al., 2001], a step-wise regression is
used to select gene clusters of varying sizes that are related to the phenotype,
based on the Cox proportional hazard model. The clusters may be derived,
for example, from hierarchical clustering. In Rosenwald et al. [2002], Cox
proportional hazard model was apply on individual genes and these were
clustered into ‘signature groups.’ From this a smaller set was chosen as
representative genes and averaged values of similar genes were included in a
multivariate Cox model. The model was then used to compute a risk score
for each patient. In this work, gene annotations were considered in grouping
of the genes in addition to expression similarities and, as a result, the new
reduced set of variables provides convenient biological interpretations.
Multivariate Cox model was also fit in van de Vijver et al. [2002], but in this
work expression profiles was reduced to an indicator variable as ‘good-
prognosis’ versus ‘bad-prognosis’ signature. There are other methods of
grouping genes for prediction, such as model-based clustering of genes
[McLachlan et al., 2002]. In all these methods, the goal is to reduce the
number of genes in a reasonable manner such that a conventional tool for
survival analysis such as the multivariate Cox model can be used. A model
with biological interpretation such as in Rosenwald et al. [2002] appears
especially helpful.

For the purpose of prediction, approaches based on partial least squares
have been explored with considerable promise. While principal component
analysis has been popular in an unsupervised setting, principal components
capture the variability in the gene expression space only and may not be
highly correlated with the response variable. On the other hand, variable
selection in linear regression chooses genes that are highly correlated with
the response variable but do not account for the variability in the gene space.
Partial least squares lies in between, producing a set of orthogonal linear
combinations of genes that are predictive of the response while capturing the
variability in the predictor space. The popularity of partial least squares has
been due to its adaptability in the presence of a large number of variables,
even when it exceeds the number of cases. It appears to work well when the
number of predictors exceeds the number of cases moderately, but it is not
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clear how scalable this result is for extreme cases. This approach has been
applied in gene expression analysis [Nguyen and Rocke, 2002a; Johansson
et al., 2003; Perez-Enciso and Tenenhaus, 2003] for nominal phenotype. For
the censored phenotype, partial least squares was used as a dimension
reduction tool [Nguyen and Rocke, 2002b]. In Park et al. [2002], the partial
least squares approach was reformulated to an equivalent problem in the
generalized linear regression setting for which partial least squares was
already worked out in Marx [1996]. This formulation circumvents the issue
of censored data, at the cost of increased dimension in the problem, and
appears to perform very well. A related approach is based on kernel Cox
regression models [Li and Luan, 2003] in the framework of support vector
machines. This method is based on the reformulation of support vector
machine as a penalization method in function estimation, with the negative
partial likelihood in the Cox model as the loss function. As in partial least
squares, a large number of genes may be included in the set of potential
predictors.

3.3 Incorporating other patient data

While there has been much progress in showing association between
expression profiles and disease subtypes or even patient survival, its
practical value in the clinical setting over current protocols and guidelines
has not been demonstrated as convincingly in most instances. This may be
one reason for the absence of microarray experiments in the clinic at this
point, even after numerous studies over many years claiming the usefulness
of expression profiling.

There are several reasons for this. The first is that much initial work may
not have been as practical as they might have appeared at first. In some
cases, it is not surprising that certain types of tumors can be distinguished
with expression data, since gene expression simply reflects the features of
the different cell type or other underlying characteristics. Sometimes the
main distinguishing feature of expression profiles in different groups may
reflect a mutation in a gene, such as in breast cancer, in which case a
screening for the mutation directly would be more cost-effective and as
accurate. A main conclusion of Hedenfalk et al. (2001), for example, was
that mutations of BRCA1 and BRCA2 influence the expression of a group of
genes. In other cases, expression profiling has not been shown conclusively
to be better than immunohistochemical staining that are easier to perform
and less expensive.

Even when gene expression patterns are useful for classification of
disease types and stages, only a small number of such studies have



30 Park

demonstrated that it is superior to current set of clinical parameters. Often,
to show clinical relevance, a subclass of patients considered to be in the
same stage of a disease under a standard protocol is shown to have varying
survival times depending on their expression profiles. Substantial
heterogeneity within a same category implies that further refinement using
expression may be desirable. For example, in the case of diffuse large B-cell
lymphoma patients, those with similar International Prognostic Index (IPI)
still showed significantly different Kaplan-Meier curves when classified
based on their expression profiles [Rosenwald et al., 2002]. In breast cancer,
those patients with the same lymph-node status or risk group status showed
significant differences in expression profiles with respect to both metastasis-
free period and overall survival [van de Vijver et al., 2002]. This evidence
of heterogeneity within a same group provides strong evidence; however, it
may be, for example, that heterogeneity also exists in terms of the existing
clinical parameters within those grouped by expression profiles.

To clearly demonstrate that expression profiling indeed contributes to a
better classification and prediction after the effect of other prognostic factors
are accounted, a multivariate model with other potential predictors should be
considered. This was done, for example, in van de Vijver et al. [2002],
although expression signature is entered only as an indicator variable in that
work. Another method is to have a large enough cohort within a single
stratum of patients with similar characteristics. In metastatic renal cell
cancer, the current prognostic indicators are stage, grade, and Eastern
Cooperative Oncology Group status and among stage IV tumors, no clinical
parameters exist for predicting time to failure [Vasselli et al., 2003]. By
considering only similarly staged patients with no other known prognostic
indicator, clinical relevance of expression profiling was evidenced clearly in
Vasselli et al. [2003]. More careful, integrative analysis in similar directions
would be an important contribution.

4. CONCLUSIONS

We have briefly reviewed the use of survival data in the context of
analyzing and utilizing gene expression data. While distinct expression
profiles have been correlated with many disease types and this has resulted
in much insight into the biological mechanism underlying these diseases, a
more direct way to demonstrate their usefulness for patient care is by linking
them to patient survival. Much of the work so far, however, has not utilized
the survival data efficiently. In some cases, the survival data were used
simply to divide the patient samples into short-term and long-term survival
groups, so that previous methodologies for binary classification and
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prediction can be used; in other cases, the survival information was used
merely to demonstrate that the groups obtained through a clustering method
were sufficiently different. In order to take full advantage of the expression
data, it is important to develop new statistical methodologies that are suited
for survival data analysis in the high-dimensional setting, especially in the
area of effective prediction algorithms involving censored data. Simple
validation techniques also need to be developed, similar to the n-fold cross-
validation approach that dominates the expression literature. It is also
important to carry out careful analysis to demonstrate not simply that
expression profiles are correlated with survival but that they are valuable
when added to the information contained in more mundane covariates and
currently available prognostic factors.

We have focused mostly on dealing with the case of censored response
variable here, but there are more difficult cases that will become important
in future studies. In some cases, the questions have been addressed already
in the survival analysis or the clinical trials literature and need to be
modified for use with genomic data; in other cases, new methods need to
developed to answer fresh questions. When microarrays become part of
longitudinal studies, methodologies will be needed to deal with repeated
measurements [Laird and Ware, 1982]. Also, there may be more than a
single phenotypic response in future studies and methods for multivariate
response variables need to be studied. Incorporating other genomic data
other than microarrays effectively also remains an issue. Finally, it is
important in these cases that the more traditional statistical approach with
emphasis on model building followed by model-checking with residuals and
outlier detection needs to be reconciled with the more algorithmic approach
driven by prediction rates and functional minimization from the computer
science community.
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