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Abstract: For the last eight years, microarray-based class prediction has been the subject of numerous publications in 
medicine, bioinformatics and statistics journals. However, in many articles, the assessment of classifi cation accuracy is 
carried out using suboptimal procedures and is not paid much attention. In this paper, we carefully review various statistical 
aspects of classifi er evaluation and validation from a practical point of view. The main topics addressed are accuracy mea-
sures, error rate estimation procedures, variable selection, choice of classifi ers and validation strategy.
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1 Introduction
In the last few years, microarray-based class prediction has become a major topic in many medical 
fi elds. Cancer research is one of the most important fi elds of application of microarray-based prediction, 
although classifi ers have also been proposed for other diseases such as multiple sclerosis (Bomprezzi 
et al. 2003). Important applications are molecular diagnosis of disease subtype and prediction of future 
events such as, e.g. response to treatment, relapses (in multiple sclerosis) or cancer recidive. Note that 
both problems are usually treated identically from a statistical point of view and related from a medical 
point of view, since patients with different disease subtypes also often have different outcomes.

Let us consider a standard class prediction problem where expression data of p transcripts and the 
class information are available for a group of n patients. From a statistical point of view, patients are 
observations and transcripts are variables. Note that a particular gene might be represented several 
times. To avoid misunderstandings, we prefer the statistical term “variable” to the ambiguous term 
“gene”. In microarray studies, the number of variables p is huge compared to n (typically, 5000 � p � 
50000 and 20 � n �300), which makes standard statistical prediction methods inapplicable. This 
dimensionality problem is also encountered in other fi elds such as proteomics or chemometrics. Hence, 
the issues discussed in the present article are not specifi c to microarray data. The term response class 
refers to the categorical variable that has to be predicted based on gene expression data. It can be, e.g. 
the presence or absence of disease, a tumor subtype such as ALL/AML (Golub et al. 1999) or the 
response to a therapy (Ghadimi et al. 2005; Rimkus et al. 2008). The number of classes may be higher 
than two, though binary class prediction is by far the most frequent case in practice.

Note that gene expression data may also be used to predict survival times, ordinal scores or con-
tinuous parameters. However, class prediction is the most relevant prediction problem in practice. The 
interpretation of results is much more intuitive for class prediction than for other prediction problems. 
From a medical point of view, it is often sensible to summarize more complex prediction problems such 
as, e.g. survival prediction or ordinal regression as binary class prediction. Moreover, we think that the 
model assumptions required by most survival analysis methods and methods for the prediction of con-
tinuous outcomes are certainly as questionable as the simplifi cation into a classifi cation problem. 
However, one has to be aware that transforming a general prediction problem into class prediction may 
lead to a loss of information, depending on the addressed medical question.

Beside some comparative studies briefl y recalled in Section 2, several review articles on particular 
aspects of classifi cation have been published in the last fi ve years. For example, an extensive review 
on machine learning in bioinformatics including class prediction can be found in Larranaga et al. (2006), 
whereas Chen (2007) reviews both class comparison and class prediction with emphasis on univariate 
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validation policy developed by the Sylvia Lawry 
Centre for Multiple Sclerosis Research (Daumer 
et al. 2007).

Choice of the validation data set
The impact of the reported classifi er accuracy in 
the medical community increases with the dif-
ferences between validation data set and open 
data set. For example, it is much more diffi cult 
to find similar results (and thus much more 
impressing when such results are found) on a 
validation data set collected in a different lab at 
a different time and for patients with different 
ethnic, social or geographical background than 
in a validation set drawn at random from a homo-
geneous data set at the beginning of the analysis. 
An important special case is when the learning 
and validation sets are defi ned chronologically. 
In this scheme, the fi rst recruited patients are 
considered as learning data and used for classifi er 
construction and selection before the validation 
data set is collected, hence warranting that the 
validation data remain unopened until the end of 
the learning phase. Obviously, evaluating a clas-
sifi er on a validation data set does not provide an 
estimate of the error rate which would be obtained 
if both learning and validation data set were used 
for learning the classifi er. However, having an 
untouched validation data set is the only way to 
simulate prediction of new data. See Simon 
(2006) for considerations on the validation prob-
lem in concrete cancer studies and Buyse et al. 
(2006) for details on the validation experiments 
conducted to validate the well-known 70-gene 
signature for breast cancer outcome prediction 
by (van’tVeer et al. 2002).

Furthermore, if the learning and test sets are 
essentially different (e.g. from a geographical or 
technical point of view), bad performance may be 
obtained even with a classifi er that is optimal with 
respect to the learning data. The error rate on the 
validation set increases with i) the level of inde-
pendence between Y and X in both learning and 
validation sets, ii) the difference between the joint 
distribution F of Y and X in the learning and vali-
dation sets, iii) the discrepancy between the opti-
mal Bayes classifi er and the constructed classifi er. 
Whereas the components i) and iii) are common 
to all methods of accuracy estimation, component 
ii) is specific to validation schemes in which 
“validation patients” are different from “learning 
patients”.

Thus, it does make a difference whether the 
learning and test sets are (random) samples from 
the same original data set, or if the test set is 
sampled, e.g. in a different center in a multi-center 
clinical trial or at a different point in time in a 
long-term study. The fi rst case—ideally with ran-
dom sampling of the learning and test sets—
corresponds to the most general assumption for all 
kinds of statistical models, namely the “i.i.d.” 
assumption that all data in the learning and test sets 
are randomly drawn independent samples from the 
same distribution and that the samples only vary 
randomly from this distribution due to their limited 
sample size. This common distribution is often 
called the data generating process (DGP). A clas-
sifi er that was trained on a learning sample is sup-
posed to perform well on a test sample from the 
same DGP, as long as it does not overfi t.

A different story is the performance of a classi-
fi er learned on one data set and tested on another 
one from a different place or time. If the classifi er 
performs badly on this kind of test sample this can 
have different reasons: either important confounder 
variables were not accounted for in the original 
classifi er, e.g. an effect of climate when the clas-
sifi er is supposed to be generalized over different 
continents (cf Altman and Royston, 2000, who state 
that models may not be “transportable”), or—even 
more severe for the scientist—the DGP has actually 
changed, e.g. over time, which is an issue discussed 
as “data drift”, “concept drift” or “structural 
change” in the literature. In this latter case, rather 
than discarding the classifi er, the change in the data 
stream should be detected (Kifer et al. 2004) and 
modelled accordingly—or in restricted situations 
it is even possible to formalize conditions under 
which some performance guarantees can be proved 
for the test set (Ben-David et al. 2007).

When on the other hand the ultimate goal is to 
fi nd a classifi er that is generalizable to all kinds of 
test sets, including those from different places or 
points in time, as a consequence we would have to 
follow the reasoning of “Occam’s razor” for our 
statistical models: the sparsest model is always the 
best choice other things being equal. Such argu-
ments can be found in Altman and Royston (2000) 
and, more drastically, in Hand (2006), who uses 
this argument not only with respect to avoiding 
overfi tting and the inclusion of too many covari-
ates, but also, e.g. in favor of linear models as 
opposed to recursive partitioning, where it is, 
however, at least questionable from our point of 
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view, if the strictly linear, parametric and additive 
approach of linear models is really more “sparse” 
than, e.g. simple binary partitioning.

Recommendations
With respect to the fi rst question posed at the begin-
ning of this subsection we therefore have to con-
clude that there are at least one clinical and 
one—if not a dozen—statistical answers, while for 
the second question we have a clear recommenda-
tion. Question 2 should be addressed based on the 
open learning data set only via cross-validation, 
repeated cross-validation, Monte-Carlo cross-
validation or bootstrap approaches. The procedure 
is as follows:
1. Defi ne Niter pairs of learning and test sets (1( j), 

t( j)),  j = 1, …,  Niter following one of the evalu-
ation strategies described in Section 4 (LOOCV, 
CV, repeated CV, MCCV, bootstrap, etc). For 
example, in LOOCV, we have Niter = n.

2. For each iteration ( j = 1, …,  Niter), repeat the 
following steps:

• Construct classifi ers based on l( j) using 
different methods M1,M2,...,Mq succes-
sively, where Mr (r = 1, …,  q) is defi ned 
as the combination of the variable selection 
method (e.g. univariate Wilcoxon-based 
variable selection), the number of selected 
variables (e.g. p ∼ = 50, 100, 500) and the 
classification method itself (e.g. linear 
discriminant analysis).

• Predict the observations from the test set 
t( j) using the constructed classifiers 
C Cj

M
j

Mq
D D1 1( ) ( ), ,1 …  successively.

3. Estimate the error rate based on the chosen 
procedure for all methods M1, …, Mq succes-
sively.

4. Select the method yielding the smallest error 
rate. It should then be validated using the obser-
vations from the independent validation set.

A critical aspect of this procedure is the choice of 
the “candidate” methods M1, …, Mq. On the one 
hand, trying many methods increases the probability 
to fi nd a method performing better than the other 
methods “by chance”. On the other hand, obvi-
ously, increasing the number of methods also 
increases the chance of fi nding the right method, 
i.e. the method that best refl ects the true data struc-
ture and is thus expected to show good performance 
on independent new data as well.

CV, MCCV or bootstrap procedures might also 
be useful in medical studies for accuracy estima-
tion, but their results should not be over-
interpreted. They give a valuable preview of 
classifi er accuracy when the collected data set is 
still not large enough for putting aside a large 
enough validation set. In this case, one should 
adopt one the following approaches for choosing 
the method parameters:
• Using the default parameter values.
• Selecting parameter values by internal cross-

validation (or a related approach) within each 
iteration (Varma and Simon, 2006). The 
computational complexity is then n2, which 
makes it prohibitive if the chosen classifi cation 
method is not very fast, especially when it 
involves variable selection.

• Selecting parameter values based on solid pre-
vious publications analyzing other data sets.

Trying several values and reporting only the error 
rate obtained with the optimal value is an incorrect 
approach. Studies and discussions on the bias 
induced by this approach can be found in Varma 
and Simon (2006); Wood et al. (2007). In all cases, 
it should be mentioned that such an analysis does 
not replace an independent validation data set.

6 Summary and Outlook
For fair evaluation of classifi ers, the following 
rules should be taken into account.
• The constructed classifi er should ideally be 

tested on a independent validation data set. If 
impossible (e.g. because the sample is too 
small), the error rate should be estimated with 
a procedure which tests the classifi er based 
on data that were not used for its construction, 
such as cross-validation, Monte-Carlo cross-
validation or bootstrap sampling.

• Variable selection should be considered as a step 
of classifi er construction. As such, it should be 
carried out using the learning data only.

• Whenever appropriate, sensitivity and speci-
fi city of classifi ers should be estimated. If the 
goal of the study is, e.g. to reach high sensi-
tivity, it is important to design the classifi er 
correspondingly.

Note that both the construction and the evaluation 
of prediction rules have to be modifi ed if the outcome 
is not, as assumed in this paper, nominal, but ordinal, 
continuous or censored. While ordinal variables are 
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very diffi cult to handle in the small sample setting and 
thus often dichotomized, censored survival variables 
can be handled using specifi c methods coping with 
the n � p setting. Since censoring makes the use of 
usual criteria like the mean square error impossible, 
sophisticated evaluation procedures have to be used, 
such as the Brier score (see VanWieringen et al. (2007) 
for a review of several criteria).

Another aspect that has not been treated in the 
present paper because it would have gone beyond 
its scope is the stability of classifi ers and classifi er 
assessment. For instance, would the same classifi er 
be obtained if an observation were removed from 
the data set? How does an incorrect response 
specifi cation affect the classifi cation rule and the 
estimation of its error rate? Further research is 
needed to answer these most relevant questions, 
which affect all microarray studies.

Further research should also consider the fact 
that due to the many steps involved in the experi-
mental process, from hybridization to image 
analysis, even in high quality experimental data 
severe measurement error may be present (see, e.g. 
Rocke and Durbin, 2001; Tadesse et al. 2005; 
Purdom and Holmes, 2005). As a conse-
quence, prediction and diagnosis no longer coin-
cide, since prediction is usually still based on the 
mismeasured variables, while diagnosis tries to 
understand the material relations between the true 
variables. While several powerful procedures to 
correct measurement error are available for regres-
sion models (see, e.g. Wansbeek and Meijer, 2000; 
Cheng and Ness, 1999; Carroll et al. 2006; 
Schneeweiß and Augustin, 2006, for surveys con-
sidering linear and nonlinear models, respectively), 
in the classifi cation context well-founded treatment 
of measurement error is still in its infancy.

A further problem which is largely ignored by 
many statistical articles is the incorporation of 
clinical parameters into the classifi er and the under-
lying question of the additional predictive value of 
gene expression data compared to clinical 
parameters alone. Although “adjustment for other 
classic predictors of the disease outcome [is] essen-
tial” (Ntzani and Ioannidis, 2003), this problem is 
largely ignored by most methodological articles. 
Specifi c evaluation and comparison strategies have 
to be developed to answer this question.
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Appendix A

Overview of software implementing 
classifi cation methods in R
Most methods for microarray-based classifi cation 
are implemented in R (www. R-project.org) which 
has become the standard statistical tool for handling 
high-dimensional genomic data. Simple univariate 
variable selection might be performed, e.g. based 
on the t-test (t.test) or the Mann-Whitney test (wil-
cox.test). Usual classifi ers like logistic regression 
(R function glm), linear discriminant analysis (R 
function lda), quadratic discriminant analysis (R 
function qda) are also accessible in R without load-
ing any particular package. The same holds for PCA 
dimension reduction (R function prcomp). Here is 
a list of specifi c R packages that are of particular 
interest for microarray-based classifi cation and 
freely available without registration.
• pamr package for PAM (Tibshirani et al. 2002)
• penalized package for penalized regression 

approaches: LASSO, L2 (Goeman, 2007)
• glmpath package for LASSO regression (Park 

and Hastie, 2007)
• rda package for regularized discriminant analy-

sis (Guo et al. 2007)
• plsgenomics package for PLS-based classifi ca-

tion (Boulesteix, 2004; Fort and Lambert-
Lacroix, 2005)

• gpls package for generalized partial least 
squares classifi cation (Ding and Gentleman, 
2005)

• e1071 package for SVM

• randomForest for random forests classifi cation 
(Diaz-Uriarte and de Andrés, 2006)

• logitBoost package for logitBoost (Dettling and 
Bühlmann, 2003)

• BagBoosting package for bagboosting (Det-
tling, 2004)

• MADE4 package for classification by the 
“between-group analysis” (BGA) dimension 
reduction method (Culhane et al. 2005)

• pdmclass package for classifi cation using penal-
ized discriminant methods (Ghosh, 2003)

• MLInterfaces package including unifying func-
tions for cross-validation and validation on test 
data in combination with various classifi ers

• MCRestimate package for fair comparison and 
evaluation of classifi cation methods (Ruschhaupt 
et al. 2004)

Packages including functions for gene selection are
• genefi lter package including a function that 

computes t-tests quickly
• WilcoxCV package for fast Wilcoxon based 

variable selection in cross-validation 
(Boulesteix, 2007)

• varSelRF R package for variable selections with 
random forests (Diaz-Uriarte and de Andrés, 
2006)

• GALGO R package for variable selection with 
genetic algorithms (Trevino and Falciani, 2006) 
(http://www.bip.bham.ac.uk/vivo/galgo/ 
AppNotesPaper.htm).

• MiPP package to fi nd optimal sets of variables 
that separate samples into two or more classes 
(Soukup and Lee, 2004; Soukup et al. 2005)
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Appendix B

Summary of six comparison studies
of classifi cation methods
Table 2. Summary of six comparison studies of classifi cation methods. This summary should be considered with 
caution, since not detailing the used variants of the considered methods.

Dudoit et al. (2002)
3 data sets
MCCV 2:1

• Included: LDA, DLDA, DQDA, Fisher, kNN, trees, tree-based ensembles
•  Variable selection: F-statistic

Conclusion: DLDA and kNN perform best
Romualdi et al. (2003)
2 data sets
CV

• Included: DLDA, trees, neural networks SVM, kNN, PAM combined with:
•  Variable selection/dimension reduction: PLS, PCA, soft thresholding, GA/kNN

Conclusion: PLS transformation is recommendable, No classifi er uniformly 
better than the other

Man et al. (2004)
6 data sets
LOOCV, bootstrap

• Included: kNN, PCA+LDA, PLS-DA, neural networks, random forests, SVM
•  Variable selection: F-statistic

Conclusion: PLS-DA and SVM perform best
Lee et al. (2005)
7 data sets
LOOCV, MCCV 2:1

•  Included: 21 methods (e.g. tree ensembles, SVM, LDA, DLDA, QDA, Fisher, PAM)
•  Variable selection: F-statistic, rank-based score, soft thresholding

Conclusion: No classifi er uniformly better than the other, rank-based variable 
selection performs best

Statnikov et al. (2005)
11 data sets
LOOCV, 10-fold CV

•  Included: SVM, kNN, probabilistic neural networks, backpropagation neural 
networks

•  Variable selection: BSS/WSS, Golub et al. (1999), Kruskal-Wallis test
Conclusion: SVM performs best

Huang et al. (2005)
2 data sets
LOOCV

• Included: PLS, penalized PLS, LASSO, PAM, random forests
• Variable selection: F-statistic

•  Random forests perform slightly better
Conclusion: No classifi er uniformly better than the other
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