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Summary

Objectives: We discuss supervised dlossification tech-
niques applied to medical diagnosis based on gene
expression profiles. Qur focus lies on strategies of
adaptive model selection to avoid overfitting in high-
dimensional spaces.

Methods: We infroduce likelihood-hased methods,

classification trees, support vector machines and regu-
larized binary regression. For regularization by dimen-
sion reduction, we describe feature selection methods:

feature filtering, feature shrinkage and wrapper ap-
proaches. In small sample-size situations efficient
methods of data re-use are needed to assess the pre-
dictive power of a model. We discuss two issues in
using cross-validation: the difference between in-loop
and out-of-loop feature selection, and estimating
model parameters in nested-loop cross-validation.
Results: Gene selection does not reduce the dimen-
sionality of the model. Tuning parameters enable
adaptive model selection. The feature selection bias
is a common pitfall in performance evaluation. Model
selection and performance evaluation can be com-
bined by nested-loop cross-validation.

Conclusions: Classification of microarrays is prone

to overfitting. A rigorous and unbiased assessment

of the predictive power of the model is a must.
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Introduction

Microarrays provide a bird’s eye view of
molecular mechanisms in the cell. The
promise to find molecular disease signa-
tures from this perspective makes super-
vised analysis of microarray data a very ac-
tive field of research. Recent studies have
demonstrated high potential of microarrays
for the diagnosis of tumor entities [1], risk
group determination [2], and the prediction
of response to treatment [3]. The dimen-
sionality of the data is always much larger
than the number of data points: several thou-
sand genes are measured in — at best —a few
hundred experiments. This high dimen-
sionality challenges statistical methods and
calls for statisticians to develop methods
adapted to the situation of having more vari-
ables than samples. In this introductory ar-
ticle we focus on basic tasks and problems
of classification (sometimes also called dis-
crimination or class prediction) in micro-
array analysis and illustrate them by
methods that have proven well in many ap-
plications.

Goals and Methods

Classification Belongs to the Realm
of Supervised Learning

An expression profile measured by a micro-
array is treated as a realization of a random
vector X € RP, where p is the number of
genes, and the phenotypic class label as a bi-
nary random variable Y € {-1,+1}. We will
only discuss binary classification, but
methods are easily extended to Y taking
more than two values. In typical appli-
cations Y encodes diagnostic entities (e.g.
different types of cancer), disease outcome

(e.g. benign and malignant tumor) or patient
response to a certain treatment. The exist-
ence of the response variable ¥ makes clas-
sification different from unsupervised ap-
proaches like clustering. There is a wide
range of general textbooks on classifi-
cation; prominent examples are books by
Hastie et al. [4], Duda et al. [5], Ripley [6]
and Bishop [7]

The Obijective Is Good Performance
on Future Data

The statistical task is to find a model frelat-
ing to X to Y. Since the application is diag-
nosis, all models need to be predictive. For-
mally, this means that we want to find a
model f; which minimizes the expected pre-
diction error

RUV= B AU0) = [LEAXDPCE, 1), (1)

The integral is called the risk functional [8].
It averages the loss function L(Y, (X)) over
the joint distribution of X and Y. A typical
choice of the loss function for classification
is the 0/1-loss L(Y, fiX))=1/2 - | Y-fiX)l,
which is 0 if the prediction is true and 1
otherwise and thus counts the number of
misclassifications. The joint distribution
P(X, Y) constitutes information over the
whole “population” of patients or tissue sam-
ples. In general the integral in Eq. 1 cannot
be evaluated, since we do not know the joint
distribution. We only have access to training
data sampled from the population. The data
constitute a set 7= {(x;, 1), ..., (Xy, ¥v)}
of N realizations of the pair (X, Y). The
learning set 7 is used to fit a model f. In
the following we shortly describe maximum
likelihood classification rules, classifica-
tion trees, support vector machines and
regularized binary regression.




Maximum Likelihood
Discrimination Rules

A very well studied family of classification
methods is based on comparison of multi-
variate Gaussian likelihoods for the two
classes [4, 9]. These methods model the
conditional density P(x | y = c) of the data
given membership to classc € {-1,+1}asa
multivariate normal distribution N(i,, %)
with class mean 11, and covariance matrix X,.
The two means and covariance matrices are
estimated from the training data; a new point
is classified to the class for which it is most
likely. Restrictions on the form of the co-
variance matrix control model complexity:
Quadratic discriminant analysis (QDA)
allows different covariance matrices in both
classes; linear discriminant analysis (LDA)
assumes that they are the same, and diagon-
al linear discriminant analysis (DLDA) ad-
ditionally restricts the covariance matrix to
diagonal form.

Classification Trees

To construct binary tree structured classi-
fiers the measurement space R repeatedly
has to be split into subsets. Each split corre-
sponds to a node in the tree. The main statis-
tical issues in tree construction are where to
split, when to stop and how to assign a label
to a terminal node. An often-used approach
called CART (for Classification and Re-
gression Trees) is described by Breiman et
al. [10]. Trees are easy to interpret but tend
to be unstable and lacking in accuracy. Their
performance can be greatly enhanced by in-
troducing a random element in the construc-
tion and aggregating many resulting trees.
Methods implementing this are bagged
trees [11], boosted trees [12] and random
forests [13]. In a comparative study by Du-
doitet al. [9] the simple DLDA performs re-
markably well compared to more sophis-
ticated methods like aggregated trees.

Support Vector Machines

Support vector machines (SVMs [8, 14,
15]) were used successfully in many appli-

cations (e.g. [16, 17]). SVMs consist of two
building blocks: First, they construct a
maximal margin hyperplane, which trades
off the number of misclassifications with
the distance between hyperplane and near-
est data-points in the training set. The maxi-
mal margin hyperplane can be constructed
by means of inner products x;’x; between
pairs of training examples x; and x;. This ob-
servation is the key to the second building
block of SVMs: the inner product x;’; is
substituted by a non-linear kernel function.
Typical choices are polynomial kernels
k(x;, x;) = (x//x;)" and radial basis function
kernels

k(xi> xj) =¢eXp (_%0_2 ”xi - xj"z) )

where d and o are parameters chosen by the
user. The use of kernel functions implicitly
maps the data into a high-dimensional
space, in which the maximal margin hyper-
plane is then constructed [11].

Regularized Binary Regression

With more variables than samples, linear bi-
nary regression models need to be aug-
mented by regularizing terms to avoid satu-
ration. Prominent examples are penalized
maximum likelihood regression [18] and
the LASSO [19]. In a Bayesian framework,
regularization can be naturally implemented
by using informative priors on the model
parameters [20]. In the context of micro-
array analysis, this approach has been fol-
lowed by Roth [21], Krishnapuram et al.
[22], West et al. [23] and Spang et al. [24].
Spang et al. [24] in addition describe how
full posterior distributions of classification
probabilities can be used to uncover con-
flicts in the data with respect to the classifi-
cation of some of the patients, highlighting
them as critical cases for which additional
investigations are appropriate.

Diagnosis Consists of Three Parts:
Classification, Model Selection, and
Performance Evaluation

How do we find an accurate model / from
the training examples 7? The answer to this
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question involves the three steps training,
model selection and testing or validation [4,
25]: Several models are fitted to the data.
We assess the predictive power of each
model to choose the optimal one, and then
we estimate its generalization error on fu-
ture data. Ideally, the three steps are re-
flected in a threefold splitting of the dataset
T: abig subset of the data is used for training
and two smaller subsets for model selection
and testing. If there is insufficient data to
split it into three parts, the training and se-
lection set are united, or — in the worst case —
even the independent test set is abandoned.
In the last two situations efficient sample re-
use by cross-validation or the bootstrap is
needed to estimate generalization ability
[4]. We describe cross-validation in greater
detail in the section on Adaptive Model Se-
lection and Assessment by Cross-validation
but first shift attention to the peculiarities of
classifying in a p << N situation.

Classification in High
Dimensions

The Major Problem Is Overfitting

Given the dataset 7' we can approximate the
integral in Eq. 1 by the training error, also
called empirical risk 8],

Rl 1= 2 L0 sy

The mean loss on the training set is used to
approximate the expected loss on the whole
population. Often the decision rule optimal
on the training data is only suboptimal for
the test data. This problem is called overfit-
ting [4]. Because of sample variance, the
distribution of data in the training set differs
from the one in the test set. This leads to an
increased number of misclassifications on
the test data when using the optimal deci-
sion rule established on the training data.
When results of multivariate genomic ana-
lyses do not generalize to novel data [26],
overfitting is one of the main reasons.

The gap between training and test error
depends on the complexity of the model. We
illustrate this in Figure 1 by a comparison of
quadratic discriminant analysis (QDA), lin-
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ear discriminant analysis (LDA) and diag-
onal linear discriminant analysis (DLDA)
on simulated data with an increasing
number of variables. The effect of overfit-
ting can be seen clearly by a simple simu-
lation: we sample data from two Normal
distributions, with parameters sampled
from a Normal-inverse-Wishart distribution
[27]. This is no attempt to model the com-
plexity and dimensionality of real micro-
array data, but serves our purpose to illustrate
overfitting. Models involving more variables
are more complex and the estimated model
parameters have higher sample variances.
Overfitting is reflected by the gap between
test error and training error, which becomes
wider for larger numbers of genes and is in
general biggest in QDA, smaller in LDA and
smallest in DLDA. The simpler the model,
the better training error and test error agree.
However, little overfitting does not guaran-
tee good predictive performance. Models can
also be too simple to capture the relation-
ship between X and Y. In the example, the in-
termediate model LDA on average achieves
the lowest prediction error on the test set.

Model Complexity Increases with
Dimensionality

The complexity of classifiers increases with
the dimension of the space the data live in.

In p dimensions a simple linear classifier
can shatter p + 1 points in general position,
that is, the classifier can perfectly separate
the points, no matter how we assign a binary
label to them [4, 15]. This observation is of
special importance for medical diagnosis
using microarrays. If the number of patients
is less than the number of genes (which will
be the general case in microarray analysis)
we will always be able to perfectly separate
the dataset. Even if we randomly permute
the labels and again learn a linear classi-
fier, a training error of zero can always be
reached. This is a manifestation of an over-
fitting disaster. Perfect separation does not
necessarily indicate a biological relation-
ship of expression values and clinical phe-
notypes. It can be an artifact of high-dimen-
sional data. Zero prediction error on the
training data does not guarantee high gen-
eralization ability when applying the model
to a new specimen.

Model Complexity Needs to Be
Controlled

To reach high generalization ability we have
to trade off training error against model
complexity. A simple but stable model with
small training error will often generalize
better than a highly complex classifier with
zero training error. The current gold stan-

dard in microarray analysis are methods of
adaptive model selection where the in-
fluence of a penalty for model complexity
can be regulated by an additional tuning
parameter, which is chosen data-dependent-
ly. An example is restricting models to use
only a small number of genes, as discussed
in the next paragraphs. In support vector
machines, regularization is directly imple-
mented by controlling the width of the
margin of separation. The tuning parameter
is the error weight C, which trades off
training error against margin width. Since
microarray data will generally be linear sep-
arable, increasing complexity by using non-
linear kernels is usually not needed. Thus,
nonlinear kernels should only be used with
care.

The Most Widely Used Approach
to Complexity Reduction Is
Gene Selection

A straightforward way to enforce simple
models is to require that they only depend
on a small subset of variables. For high-di-
mensional data, searching for a subset of
size k, maximizing prediction accuracy is
not feasible. Overviews of feature selection
methods can be found in review articles by
Blum and Langley [28], Kohavi and John
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Fig. T The gap between training error and test error increases with the number of vari-  gray dotted lines correspond to mean plus/minus one standard deviation. In each simulation,

ables and with the complexity of the classification model. We see this effect for quadratic dis-
criminant analysis (QDA), linear discriminant analysis (LDA) and diagonal linear discrimi-
nant analysis (DLDA). In all three plots, the upper curve is the error on the test set, the lower
curve the error on the training set. The errors shown are averages over 100 simulations; the
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we sampled independent datasets of size 100 for training and testing, which were equally
split into two classes. In each class, samples are drawn from a Normal distribution, with pa-
rameters sampled from a Normal-inverse-Wishart distribution. On average, the best result
on the fest set is achieved by LDA.



[29], and more recently by Guyon and Elis-
seeff [30]. Common gene-wise selection
criteria are feature filtering and shrinking.
In feature filtering, genes are ranked accord-
ing to discriminative power using, e.g., the
t-statistic or Wilcoxon-statistic. The & top
ranking genes are then used for classifi-
cation; the others are discarded. Filtering
uses a hard threshold: Gene & + 1 is thrown
away even if it bears as much information as
gene k. Feature shrinkage is a smoother,
continuous, soft thresholding method. An
application to nearest centroid classifi-
cation is demonstrated by Tibshirani et al.
[31, 32]. The method is a variant of DLDA,
in which the class centroids are shrunken in
the direction of the overall centroid. For
each gene g, the value 6, measures the dis-
tance of the centroid for class ¢ to the over-
all centroid in units of standard deviation.
Each 6, is then reduced by an amount A in
absolute value and is set to zero if its abso-
lute value is less than zero. With increasing
A all genes loose discriminative power and
more and more will fade away. Genes with
high variance vanish faster than genes with
low variance.

Wrapping Is a Powerful Alternative
for Selecting Genes

Both feature filtering and feature shrinkage
act on single genes. They do not take inter-
actions between genes into account. Clus-
tering genes first and performing feature
selection on gene clusters leads to im-
proved performance [33]. Feature filtering
is usually done by a criterion different
from the one used for classification. This
problem is mended in wrapper approaches
for feature selection, where the feature se-
lection is “wrapped around” the classifi-
cation method [29]: the gene selection
mechanism uses the classification method
to evaluate feature subsets. Guyon et al. [34]
use a backward selection procedure called
recursive feature elimination (RFE) to
choose genes with biggest weight in the nor-
mal vector of the separating hyperplane
constructed by a support vector machine.
Embedded methods do feature selection
while training the classifier; see Krishnapu-
ram et al. [22] or Hochreiter and Obermayer

[35] for recent advances for kernel methods
like SVM.

Gene Selection Does not Reduce
the Dimensionality of the Model

Classification on a reduced gene set is a
two-step procedure: Start with thousands of
genes, select an informative subset and use
it for classification. One could think that
after selecting a small number of genes, all
problems due to the high dimensionality of
the data have vanished. But LDA on 10
genes selected out of 10,000 is still a model
in 10,000 dimensions: The selection process
cannot be separated from the model. With
thousands of genes and a low signal to noise
ratio, we will find many genes with high
t-value by chance, the discriminative power
of the top genes may be spurious. The gen-
eralization error of a discrimination rule
based on these genes will be high. Figure 2
demonstrates this point. The number of
variables in the datasets ranges from 20 to
10,000, only five of them discriminate be-
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tween the two classes, the rest is noise. We
select the ten variables with highest #-value
on the training set and use them for the pre-
diction of the test set. Although the decision
function depends on ten variables in all
cases, Figure 2 shows: If these ten variables
are chosen from an increasing pool of vari-
ables the training error diminishes and the
gap between training and test error rises.
The generalization properties of the models
are different, even though they all use the
same small number of variables.

Adaptive Model Selection
and Assessment by Cross-
validation

Tuning Parameters Enable
Adaptive Model Selection
The methods presented in the last section

are adaptive in the sense that they depend on
a parameter to tune how strong simplicity of

20

15

test set

DLDA prediction error
10

m -
training set
& | ;
0 2000 4000 6000 8000
Number of variables

10000

Fig. 2 Training and test error for DLDA classification models based on ten variables with highest f-score selected from an
increasing number of variables. The simulated data consists of 100 samples for training and testing, equally divided into two
dlasses. Five variables were sampled from for the first class and for the second dlass; the other variables are sampled from in
all cases and constitute noise. The results are averages over 100 repetitions of data generation, training and testing. The gray
dotted lines indicate mean plus/minus one standard deviation. The error on the training set decreases, while the error on the

test set increases with the number of noise variables.
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the model is enforced. In soft thresholding it
is the amount of shrinkage, A, in gene selec-
tion it is the number of selected genes , and
in SVM it is the regularization parameter
controlling the trade-off between margin-
width and number of training errors. For
SVM a recent result by Hastie et al. [36]
allows to fit the entire path of solutions for
every value of the regularization parameter
with only a little more computational cost
than fitting a single SVM model. But
usually, these tuning parameters are chosen
adaptively from the training data. A simple
and widely used way is cross-validation [4]:
In each of n steps, a subset of N/n samples is
held back to assess the predictive power of a
model trained on the remaining N — N/n
samples. The tuning parameter with the
best cross-validation performance is then
chosen. A reasonable choice in the number
of steps is n =10 [37].

The Feature Selection Bias Is a
Common Pitfall in Performance
Evaluation

Evaluating prediction error is not trivial.
There exist several possible pitfalls leading
to overoptimistic estimations like using too
small or unbalanced validation sets [38]. A
prominent problem is to introduce selection
bias when combining cross-validation with
feature selection [23, 37, 38]. There are two
possible ways to do the combination: Either
apply feature selection to the complete data-
set and then perform cross-validation on the
reduced data, or perform feature selection in
every single step of cross-validation anew.
We will call the first alternative out-of-loop
feature selection and the second in-loop fea-
ture selection, other names used are external
cross validation versus internal cross vali-
dation. Which of them gives the better esti-
mate of generalization performance? The
answer is: in-loop feature selection. The out-
of-loop procedure is overoptimistic and will
be biased downwards. The genes selected
for discriminative power on the whole data-
set bear information on the samples used for
testing in each CV step. The test set is no
longer independent of the training set. In-
loop feature selection avoids this problem.
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The genes are only selected on the training
data of each step and the test set remains in-
dependent. The problem with in-loop fea-
ture selection also occurs in similar form
when the generalization error is estimated
via the bootstrap. To avoid a downwards-
biased estimator, feature selection has to be
done on each bootstrapped training-set
anew. For model assessment, feature selec-
tion and classification cannot be separated.

Model Selection and Performance
Evaluation Can Be Combined by
Nested-loop Cross-validation

A common way of model selection is to
choose the parameter with the smallest
cross-validation error. This is an efficient
way of sample re-use and in practice usually
achieves good results. But often the cross-
validation error of the chosen model is also
used for performance evaluation. The result
will be overoptimistic: because the cross-
validation error was subject to minimiz-
ation, it is biased downwards. A better way
to combine model selection and perform-
ance evaluation is by nested-loop cross-
validation. In an outer loop, data is re-
peatedly split into subsets for training and
testing. On each training set we choose the
model parameter with minimal cross-vali-
dation error. The best model is then tested
on the independent test set. The results for
all test sets are averaged to gain an estimate
of generalization error. Overall, the method
consists in two nested cross-validation
loops: An outer one for testing, an inner one
for choosing parameters. Not only feature
selection, but also selecting model parame-
ters has to be done inside the cross-vali-
dation loop to avoid underestimation of the
generalization error.

Conclusions

We described different methods of classifi-
cation and strategies of gene selection as
means to avoid overfitting in microarray
data. For tuning the parameters in adaptive
model selection we described a nested

cross-validation scheme and in-loop feature
selection.

Software

Most of the techniques we described can be
found in packages contributed to the statis-
tical computing environment R [39] and are
available at http://cran.R-project.org. LDA,
QDA and many other classification meth-
ods are implemented in package V'R; DLDA
in package sma. Support vector machines
are part of package e/()71; the entire regu-
larization path for the SVM can be com-
puted by svmpath. The nearest centroid
method is implemented in package pamr.
Package randomForests contains software
for random forests. In our simulation, we
sampled from the Wishart distribution using
package MCMCpack. Recursive feature
elimination is implemented in the R-pack-
age rfe available at http://www.hds.utc.ft/
~ambroise/softwares/RFE.

Good Statistical Practice
in Microarray Studies

Classification in microarray studies is still a
controversial field. Our recommendations
are:

1. Do not be fooled by small training errors.
Classification of microarrays is prone to
overfitting and your model might be bio-
logically meaningless and could break
down on future data.

2. The key to predictive models is regular-
ization. Gene filtering is the most widely
used approach. But wrappers are good
alternatives.

3. Be aware that classification on the top 10
genes out of thousands does not ban the
curse of dimensionality.

4. A tuning parameter for model selection
is advantageous. It can be calibrated
adaptively using (nested) cross vali-
dation.

5. A rigorous and unbiased assessment of
the predictive power of the model is a
must. Consider feature selection as part
of the classification method. Don’t cheat
yourself by selecting informative genes
globally outside the cross-validation loop.



An important caveat at the end: Statistical
classification techniques refine medial di-
agnosis. But genes, which allow high clas-
sification accuracy, are not necessarily the
ones causing the disease. The main effects
we observe on microarrays will often be
secondary or tertiary ones. What we see is
the avalanche, not the little pebble causing
it. The induction from discriminative power
of genes to biological importance is mis-
leading in the vast majority of cases.
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