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tIn this note we make a �rst analysis of data 
leaning methods for mi
ro-array data. Experiments are performed on the 
olon 
an
er dataset from[1℄, the leukemia dataset of [4℄. The �nal 
on
lusion is that: sub-samplingis the method of 
hoi
e in terms of predi
tion error (of mislabeled data)and that it also has the advantage of a naturally interpretable outputwhi
h is useful for analysis of data anyway. We therefore de
ided toin
lude it in the mi
ro-array 
ode library as the method of 
hoi
e. Webelieve from experiments with ora
le algorithms (with knowledge aboutthe true labels or the true de
ision rule) that it is not possible to improvethese results a lot if you stay within the framework of supervised learning.1 Introdu
tionIn this note we des
ribe some investigations into the e�e
tiveness of basi
 data
leaning te
hniques for mi
ro-array data. We base the algorithms we test onthe papers of [5℄, [7℄ and [3℄. In previous work only Furey et al. applied theirapproa
h to Mi
ro-Array data, however we perform a more thorough study.Supplementary to these algorithms, we also suggest new algorithms in
ludinga sub-sampling approa
h (in the work by Furey et al. leave-one-out is used,however we show that sub-sampling approa
hes 
an provide better results.)Data 
leaning is the problem of identifying mislabeled or meaningless datapoints. During data 
olle
tion, several kinds of errors 
an be introdu
ed: e.ghardware failures 
an 
ause the insertion of meaningless patterns or human fail-ures 
an 
ause the insertion of mislabeled patterns. Removal of these patterns(or 
orre
tion of mislabeling) might improve the performan
e of the 
lassi�er,and in the 
ase of feature sele
tion algorithms leads to more meaningful fea-tures. We will fo
us on data 
leaning appli
ations in bi
lass pattern re
ognitionproblems, although the reasoning should also apply to other domains.1



It is also important to stress that not all outliers are mislabeled or mean-ingless patterns. They 
an be well labeled ambiguous patterns or atypi
al veryinformative patterns. This is what makes the tasks 
hallenging and sheds doubton the possibility of doing \automati
" 
leaning. As we will show in experiments,manual 
leaning 
an improve performan
e substan
ially (by removing patternsknown by an ora
le to be bad). However even automati
 
leaning yields im-provements (not large in our experiments, but in some experiments by Guyonet al. on 
hara
ter re
ognition [7℄, automati
 
leaning was almost as good asmanual 
leaning, whi
h is quite surprising). Moreover, even removing well la-beled examples 
an inprove performan
e. We believe these issues 
ontribute tothe non-triviality of the problem.In pattern re
ognition we are usually given training data xi 2 Rn ; i = 1; : : : ; `with 
orresponding fun
tion values yi 2 f�1g; i = 1 : : : ; `. The ve
tors xi 
anbe partially 
orrupted with noise, and thus still be at least partially useful. Inthis 
ase the learning algorithm should take this into a

ount. Many learningalgorithms are designed to deal with this problem. Often algorithms assume amodel of the noise, e.g the data and the noise are drawn from two probabilitydistributions p(x; y) and �(x) to give training data of the form xi + �i, i =1; : : : ; `.In the problem of data 
leaning one is interested in identifying outliers: thesituation where some of the data is 
ompletely meaningless or mislabeled, whi
hdoes not easily �t into the usual model des
ribed above. Again, the problemof mislabeled data is also similar to the problem of 
orruption of the data withlabel noise but again, one 
annot assume a model of the noise. We would liketo identify these data points and remove them from the database. In the nextse
tion we try to formally de�ne the problems we are trying to solve.2 The Problem of Data CleaningThe data 
leaning problem 
an be understood in at least two di�erent ways:the problem of data 
leaning with mislabeled examples and the problem ofminimizing predi
tion error (or example sele
tion):Identifying outliers: Training data (xi; yi)i=1;:::;` are drawn from the truedistribution p(x; y). However, instead of the labels yi=1;:::;` one is given thenoisy labels y�1 ; : : : ; y�̀ where n data points are mislabeled so that y�pi = �ypi ,i = 1; : : : ; n where p are indexes to the mislabeled patterns and 0 � n � ` (itis possible that no points are mislabeled.) Additionally, a further m patternswith indexes q1; : : : ; qm are meaningless and have eÆ
tively a random x ve
tor(they are outliers). The task is to �nd the indexes p and q of the mislabeled ormeaningless patterns.In this report we will fo
us only on identifying mislabeled patterns.Minimizing predi
tion error:1 One would like to remove n examples1One 
ould also imagine a version of this problem where one 
onsidered 
ipping the labelsof data points in order to �nd the best predi
iton error under the assumption that some ofthe examples have been mislabeled. 2



with indexes pi=1;:::;n from the learning set S` = f(x1; y1); : : : ; (x`; y`)g in orderto minimize the predi
tion error:R(p) = Z 12 jy � f(xjS` n (xi; yi)i=p1;:::;pn)jp(x; y) (1)where f(x; S) is the estimate of the label of point x given by a learning algorithm(
hosen a priori) trained on data set S.These two des
riptions also 
orrespond to two possible 
ourses of a
tion.In the �rst one might wish to refer the potentially mislabeled or meaninglessexamples to the labeler (for example, the spe
ialist who 
reated the data, orsomeone further along the line of data 
olle
tion and assembly) and query if thispoint is in fa
t mislabeled. (Dr. Guyon did exa
tly this with the prostate 
an
erdata from Dr. Stamey and he 
ame ba
k to her with the �nding that indeedthe data was mislabeled). The ultimate aim of this is then either to 
orre
tmislabelings or to in
rease generalization ability of the learning algorithm.The se
ond 
ourse of a
tion is automati
 data 
leaning where the learningalgorithm 
hooses whi
h data points are 
ausing generalization ability to de-
rease and removes them without intervention from the user. This 
an be seenas a \dual" to the feature sele
tion problem where one wishes to remove \badfeatures" not \bad examples". We thus will also refer to the problem of data
leaning as example sele
tion. Note that generalization ability 
an be improvedby removing examples whi
h are not ne
essarily mislabeled or meaningless.In the spirit of usual solutions to the feature sele
tion problem one 
an redu
eboth problems to two separate subproblems:1. ranking the data points a

ording to the likelihood that they should beremoved; and2. sele
ting how many of the patterns should be removedThe se
ond problem 
an be seen as analogous to model sele
tion. In this arti-
le we will only 
onsider the problem of identifying in
orre
t patterns and thesubproblem of ranking the data points.In the next Se
tion we will des
ribe several algorithms to solve this problemand in Se
tion 3 we 
ompare these algorithms experimentally on toy data andreal life Mi
ro-Array problems. Se
tion 4 then draws 
on
lusions, and suggestsfurther topi
s of resear
h.3 Experimental setupIn parti
ular, we would like to test the ability of algorithms to mislabeled pat-terns. To this end our experimental setting is to deliberately mislabel trainingpoints and test the ability of algorithms to dete
t this mislabeling.This mislabeling pro
ess 
ould in
lude many mislabeled points but in ourexperiments we only mislabel a single point at a time.3



algorithms All of the algorithms that we test are of the following form: theyare given as input a training set S` and they output a rank ri for the ` datapoints. The rank indi
ates the likelihood of being a mislabeled pattern, withgreater likelihood being assigned a higher rank.s
oring algorithms Measuring the su

ess of a data 
leaning algorithm evenwhen there is only a single mislabeled point is not obvious. Taking the meanrank of the (single) mislabeled points is an obvious measure, however it 
an paytoo mu
h attention to a few large s
ores. For example, if one algorithm predi
tsthe mislabeled points on 9 out of 10 runs with rank 1 but on the other run itassigns a rank of 50 it obtains a mean of 5.9. If another algorithm always gives arank of 5 it has a mean of 5 however we think the �rst algorithm is more usefulfor dete
ting outliers. If one is refering the �rst one or two points to the data
olle
tor for veri�
ation then the �rst algorithm will �nd outliers whereas these
ond will not. We therefore re
ord the following measurements of error overn runs:� number of mislabeled points with rank 1,2 and 3 (three separate s
ores)� mean rank of the mislabeled points: 1nPi rpi where pi is the index of themislabeled point in run i.� \trimmed" mean: 1nPimin(
; rpi) where pi is the index of the mislabeledpoint in run i. That is, we take the mean rank of the mislabeled points, butfor ranks greater than 
 we de
rease their 
ontribution to the mean. Bydoing this, we attempt to 
on
entrate the s
ore on the �rst few rankings.We use 
 = 5 and 
 = 10 and in tables of results we refer to these s
oresas \mean <= 5" and \mean <= 10" respe
tively.data generation Our setup is therefore as follows. In toy data we randomlydraw 100 training sets of a �xed size and then 
ip the label of a single trainingexample in ea
h set. We then s
ore the data 
leaning algorithms on ea
h dataseta

ording to the ranking of the mislabeled example in ea
h set, and take themean s
ore. In real datasets that are of a small size (e.g mi
roarray data) we
annot randomly draw many independent training sets. We therefore use thefollowing pro
edure: we 
ip the label of ea
h example in turn so that one has` 
opies of the original training set but ea
h with a single mislabeled point.One then s
ores the data 
leaning algorithms a

ording to the ranking of themislabeled example in ea
h set, and takes the mean s
ore.4 Algorithms for Data CleaningWe 
ompare the following algorithms:
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SVM-� This algorithm re
ords the distan
e from the \
orre
t" side of themargin (�i) of ea
h training point. The ranking is thus given by the distan
e ofea
h point from the \
orre
t" side of the margin, largest ranked �rst.� Choose a value of the soft margin parameter C.� Train the 
lassi�er [w; b℄ = SVM(S`; C).� Cal
ulate �i = 1� yi(w � xi + b) for all i.� Assign ri = 
ardf�j : �j � �ig for all i.SVM-� This algorithm re
ords the size of the weight (�i) of ea
h trainingpoint. If a point is easy to 
lassify it has weight zero, the more \unusual" thepoint, the larger the weight. The ranking is thus given by the weight of ea
hpoint, largest ranked �rst.� Choose a value of the soft margin parameter C.� Train the 
lassi�er [�; b℄ = SVM-DUAL(S`; C).� Assign ri = 
ardf�j : �j � �ig for all i.SUB-ERR This algorithm sub-samples the data many times, ea
h time train-ing an SVM and re
ording if ea
h test point is mislabeled by the algorithm ornot. The ranking is given by the average number of mislabelings, most misla-beled ranked �rst.� Choose a value of the soft margin parameter C, the number of sub-sampleruns p and the sub-sampling size q.� Initialize ei = 0 and ui = 0 for all i.� FOR i=1 TO p runs{ Draw a random sub-sample of the training data of size q with indexestrj=1;:::;q .{ Let the remainder of the data have indexes tstj=1;:::;`�q.{ Train a 
lassi�er [w; b℄ = SVM(f(xj ; yj)gj=tr1;:::;trq ; C).{ Assign utstj = utstj + 1 for all j.{ Assign etstj = etstj+ 12 jytstj � sign(w � xtstj + b)j for all j.� Assign ri = 
ardfej=uj : ej=uj � ei=uig for all i.
5



SUB-� This algorithm sub-samples the data many times, ea
h time trainingan SVM and re
ording the weight (�) of ea
h training point. If a point is easy to
lassify it has weight zero, the more \unusual" the point, the larger the weight.The ranking is thus given by the average weight of ea
h point, largest ranked�rst.� Choose a value of the soft margin parameter C, the number of sub-sampleruns p and the sub-sampling size q.� Initialize ei = 0 and ui = 0 for all i.� FOR i=1 TO p runs{ Draw a random sub-sample of the training data of size q with indexestrj=1;:::;q .{ Let the remainder of the data have indexes tstj=1;:::;`�q.{ Train a 
lassi�er [�; b℄ = SVM-DUAL(f(xj ; yj)gj=tr1;:::;trq ; C).{ Assign utrj = utrj + 1 for all j.{ Assign etrj = etrj + �j for all j.� Assign ri = 
ardfej=uj : ej=uj � ei=uig for all i.SUB-� This algorithm sub-samples the data many times, ea
h time trainingan SVM and re
ording the average distan
e from the \
orre
t" side of the margin(�i) of ea
h training point. The ranking is thus given by the average distan
eof ea
h point from the \
orre
t" side of the margin, largest ranked �rst.� Choose a value of the soft margin parameter C, the number of sub-sampleruns p and the sub-sampling size q.� Initialize ei = 0 and ui = 0 for all i.� FOR i=1 TO p runs{ Draw a random sub-sample of the training data of size q with indexestrj=1;:::;q .{ Let the remainder of the data have indexes tstj=1;:::;`�q.{ Train a 
lassi�er [w; b℄ = SVM(f(xj ; yj)gj=tr1;:::;trq ; C).{ Assign utstj = utstj + 1 for all j.{ Assign etstj = etstj+ 1� ytstj (w � xtstj + b) for all j.� Assign ri = 
ardfej=uj : ej=uj � ei=uig for all i.
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LOO-� This algorithm performs leave-one-out, ea
h time training an SVMand re
ording the distan
e from the \
orre
t" side of the margin (�i) of the leftout training point. The ranking is thus given by the distan
e of ea
h left outpoint from the \
orre
t" side of the margin, largest ranked �rst.� Choose a value of the soft margin parameter C.� FOR i=1 TO `{ Train the 
lassi�er [w; b℄ = SVM(S` n f(xi; yi)g; C).{ Assign ei = 1� yi(w � xi + b).� Assign ri = 
ardfej : ej � eig for all i.LOO-W 2 This algorithm performs leave-one-out, ea
h time training an SVMand re
ording the size of the margin (whi
h is inversely proportional to W 2(�)(
f. equation 2 ) ). The ranking is thus given by the size of W 2 when leavingout ea
h point, largest ranked �rst.� Choose a value of the soft margin parameter C.� FOR i=1 TO `{ Train the 
lassi�er [�; b℄ = SVM-DUAL(S` n f(xi; yi)g; C).{ Assign ei = W 2(�).� Assign ri = 
ardfej : ej � eig for all i.FLIP-W 2 This algorithm 
ips the label of ea
h example, ea
h time trainingan SVM and re
ording the size of the margin (whi
h is proportional to W 2(�)).The ranking is thus given by the size of W 2 when 
ipping ea
h point, largestranked �rst.� Choose a value of the soft margin parameter C.� FOR i=1 TO `{ Train the 
lassi�er [�; b℄ = SVM-DUAL(fS`nf(xi; yi)gg[f(xi;�yi)g; C).{ Assign ei = W 2(�).� Assign ri = 
ardfej : ej � eig for all i.There are also three other variants of this algorithm: FLIP-SPAN whi
huses the span [2℄ as the quality measure, FLIP-DIST whi
h uses the 
hange indistan
e from the margin of the 
ipped point and FLIP-VALID whi
h uses avalidation set instead, summing the errors using a sigmoid on the distan
e fromthe margin of type 1=(1 + exp(3x)). 7



GRAD-C This algorithm tries to learn whi
h data point is an outlier byassigning a variable Ci for ea
h training point and minimizes R2W 2 using theridge \tri
k"[2℄. That is it minimizessup� R2(C)W 2(�;C)where W 2(�) =Xi �i � 12Xi;j �i�jyiyj(xi � xj + 1Ci Æij): (2)subje
t to 0 � �i; Xi �iyi = 0and R(C) = 1̀Xi (x2i + 1Ci )� 1̀2Xi;j [(xi � xj)) + 1Ci Æij ℄whi
h 
an be solved by gradient des
ent.One then assigns ri = 
ardfCj : Cj � Cig for all i.GOD Finally, we also 
ompared the results to three ora
le algorithms whi
hin
orporate knowledge about the true de
ision fun
tion or true labels. Theseare: SVM-GOD whi
h returns the largest �i from a hard margin SVM trainedon a se
ond training set the same size as the original but 
ontaining only truelabels (this is a di�erent set, not just the same set with 
orre
ted labels, onlythe size of the sets is equal). SVM-GOD C� is the same but with a softmargin. Finally, BAYES-GOD takes the furthest point on the \wrong" sideof the optimal Bayes de
ision.4.1 Feature Sele
tionOne 
an also improve the data 
leaning algorithms by using feature sele
tionte
hniques. For example if one is analysing mi
ro-array data where featuresele
tion te
hniques are known to improve predi
iton performan
e then thesete
hniques would probably also make it easier to dete
t outliers. One s
heme isjust to implement the feature sele
tion algorithm dire
tly into the 
lassi�ers. Ase
ond s
heme is to 
onsider di�erent feature sele
tion subset sizes and 
onsiderthe s
ores a
ross all the subset sizes (e.g a kind of averaging s
heme). A similars
heme to this is des
ribed in [3℄.However, 
are should be taken. When one of the authors (Isabelle Guyon)found a very severe outlier in the prostate 
an
er data, it was mis
lassi�ed byleave-one-out for all gene subsets sele
ted. Other patterns were mis
lassi�edonly for some subsets. If one uses feature sele
tion as part of 
leaning, we would8



suggest to put a higher weight on the results for large feature subsets sin
e thefeature sele
tion me
hanism tries to �nd the features that a

omodate all theexamples, even the bad ones.In this arti
le, as we are already 
onsidering a number of possibilities wemake the assumption in this arti
le that all the algorithms would be improvedin the same way were we to use the same feature sele
tion te
hnique on all ofthem, and therefore we 
ompare the algorithms without feature sele
tion.5 Experiments5.1 Toy dataWe generated a toy problem to �rst test the methods. The problem 
onsistsof two Gaussian distributions in d = 100 dimensions with varian
e 1:5=sqrt(d),one for ea
h 
lass label, drawing 30 training points randomly for ea
h 
lass.We generated 100 of su
h datasets and 
ipped the label of the 30th data point(to help prevent bias in the sorting algorithm if there are equal ranks). Theproblem is then to dete
t that this data point is mislabeled. We 
ompared allthe algorithms des
ribed in the previous se
tion in both hard margin and softmargin settings. The results are shown in Figure 1 and in more detail (buthen
e more diÆ
ult to parse) in Figure 2.From these experiments we made the following 
on
lusions:� SVM-� is not one of the best algorithms to use� SVM-� is simple and obvious but a reasonable algorithm, however oneneeds to 
hoose a good value of C.� Sub-sampling is in general very good if the number of samples is largeenough. We made a plot of error rate (using the rank mean <= 10)vs number of samples (not shown) and indeed the error rate de
reasessteadily.� Even sub-sampling is sensitive to the 
hoi
e of C (all the algorithms were).However, it still does well even in the hard margin 
ase, so we think it isthe best algorithm to adopt.� LOO algorithms are reasonably good, but not as good as sub-sampling.� The 
ipping algorithms were not as good as expe
ted apart from FLIP-DIST (whi
h Asa suggested) and FLIP-VALID (whi
h of 
ourse uses avalidation set).� FLIP-VALID is a
tually the best method overall but of 
ourse 
heats (usesextra information). Perhaps using a validation set 
an be approximatedby using sub-sampling, but this makes the algorithm rather slow. It 
ouldstill be worth using, though. It was also strange that taking the validationerror itself did very badly (mean<= 10 was approximately 6!) but using9



a sigmoid made the method the best method. Perhaps this should beapplied to the methods that use �?� GRAD-C is very good whi
h we believe is due to it �nding good values ofC for the 
lassi�er itself as part of the algorithm.� It is surprising that all the algorithms give rather similar error rates aswhen you 
ompare them to the BAYES-GOD they are a long way o�the optimum. However, they are not so far from SVM-GOD C whi
hsuggests that if you stay within the SVM/learning framework to performdata-
leaning you 
annot do a lot better than these algorithms.rank rank rank mean meanALGORITHM mean 1 <= 2 <= 3 <= 10 <= 5SVM-� 6.69 31 43 53 4.49 3.13SVM-� C 4.64 36 53 68 3.68 2.72SUB-ERR 300 2C 4.93 39 57 64 3.76 2.69SUB-ERR 300 5.03 39 58 63 3.77 2.69LOO-� 6.28 35 53 60 4.18 2.86LOO-� C 4.76 37 53 65 3.73 2.75FLIP-DIST C 4.74 36 53 63 3.75 2.76FLIP-VALID C 4.39 38 58 72 3.38 2.56GRAD-C 4.89 38 49 63 3.86 2.81SVM-GOD 8.75 27 39 50 4.81 3.24SVM-GOD C 4.07 41 60 70 3.39 2.57BAYES-GOD 1.46 84 88 92 1.46 1.42Figure 1: Comparison of algorithms on toy data. More detailed results of otheralgorithms run are shown in Figure 2. In all the algorithms letters after thename of the algorithm imply the following: C is the value of soft margin 
hosenusing a validation set. 2C means two times this value (as sub-sampling involvesa smaller training set). No C implies a hard margin algorithm. In the sub-sampling algorithms 300 after the name of the algorithm indi
ates the numberof sub-samples used.We also performed an experiment measuring the test error obtained whenusing a soft margin SVM with the mislabeled example in the training set whi
hgave 14:4% error (C = 0:53, 
hosen on the same validation set as testing)over 100 runs. Without the mislabeled point (whi
h one 
ould remove if onewas God) an SVM gave 12:9% error (C = 0:34). Thus there is a signi�
antimprovement when one removes the outlier. This was not obvious to us beforeas we believed a soft margin SVM would produ
e 
lose to optimal results. Wethus tried to estimate God's performan
e and tried to remove one mislabeledpoint using the SVM-� C algorithm giving an error rate of 14:1% (C = 0:19).Thus performan
e improved, but was unfortunately the gain was not as high as ispossible given God's performan
e: it is a pity su
h improvements or 
lose to su
h10



improvements 
annot be found. We are only human beings, we won't ever beable to do as well as God )-: However, we suggest an automati
 
leaning methodwhere we assume that only one example is mislabeled and we systemati
allyremove the top ranked example and retrain. Sin
e we have a substan
ial numberof 
ases (roughly two thirds) in whi
h the top example is not mislabeled, maybesystemati
ally removing it is not the best solution. However, �nding a goodautomati
 
leaning pres
ription is important, parti
ularly be
ause in reality wedon't know how many if at all are mislabeled. We do not deal with these issueshere, our report 
on
entrates instead on the identi�
ation problem rather thanthe automati
 
leaning one.5.2 Real dataWe then performed experiments on a 
olon 
an
er problem [1℄ and a leukemiaproblem [4℄ (see also [6℄ for a treatment of these problems). In the 
olon 
an
erproblem 62 tissue samples probed by oligonu
leotide arrays 
ontain 22 normaland 40 
olon 
an
er tissues that must be dis
riminated based upon the expres-sion of 2000 features. In the leukemia problem 72 bone marrow and bloodsamples 
ontain two variants of leukemia (47 ALL and 25 AML) that must bedis
riminated based upon the expression of 7129 features. (Note that in realdata su
h as this although we deliberately mislabel points in the dataset it ispossible points are already mislabeled.)The results are shown in Figure 3 and Figure 4.The results generally support the �ndings from the toy experiments. On the
olon 
an
er dataset sub-sampling error rate seems again to be the best method.Note that we did not have enough data to make a validation set here so wherealgorithms required a soft margin (e.g SVM-�) we 
hose the median � value asthe value of C. Overall, the sub-sampling methods still proved to be the bestmethods to use, parti
ularly in view as these are hard margin algorithms wereyou do not need to 
hoose C. The LOO algorithms did not perform so well,nor did the 
ipping algorithms (worst results removed for 
larity). GRAD-Cdid not perform as well as in the toy data but we believe this is be
ause thisproblem does not depend so mu
h on the value of soft margin.On the leukemia data (Figure 4) the problem is mu
h easier with most of themislabeled points being identi�ed and given a rank of 1. This justi�es the use ofdata 
leaning methods in mi
ro-array experiments: many of the datasets are ofthe same level of 
omplexity/diÆ
ulty as this dataset (a
tually in our experien
ethe 
olon data seems to be a more unusual 
ase). We noti
ed however thatexample number 66 in this dataset (from the version of the dataset posted onthe web-site) is 
onsistently mislabeled. During sub-sampling it is it is 
lassi�edas the opposite label to the one given in the original dataset on every singlesample. This leads to the 
on
lusion that this data point is mislabeled, eitherin the original dataset or by a

ident sin
e then. We have yet to follow thisup. If this point is mislabeled then we note that we note that the SUB-ERRalgorithm would 
orre
tly identify every possible single deliberate mislabelingwere this 
orre
ted. 11



rank rank rank mean meanALGORITHM mean 1 <= 2 <= 3 <= 10 <= 5SVM-� 6.69 31 43 53 4.49 3.13SVM-� C� 6.57 29 47 56 4.31 3.04SVM-� C 4.64 36 53 68 3.68 2.72SUB-ERR 50 C 7.73 1 12 40 5.29 4.17SUB-� 50 C 5.35 39 53 65 3.71 2.74SUB-� 50 C 4.89 37 53 65 3.74 2.77SUB-ERR 300 2C 4.93 39 57 64 3.76 2.69SUB-� 300 2C 4.74 40 57 65 3.68 2.67SUB-� 300 2C 5.41 28 44 54 4.22 3.10SUB-ERR 50 8.68 1 5 18 6.01 4.41SUB-� 50 6.24 32 51 61 4.13 2.91SUB-� 50 6.43 30 45 53 4.48 3.13SUB-ERR 300 5.03 39 58 63 3.77 2.69SUB-� 300 5.07 42 55 65 3.80 2.68SUB-� 300 5.60 31 43 55 4.21 3.08LOO-� 6.28 35 53 60 4.18 2.86LOO-W 2 6.42 32 48 56 4.32 3.02LOO-� C 4.76 37 53 65 3.73 2.75LOO-W 2 C 20.62 8 11 12 7.90 4.52FLIP-W 2 6.46 32 47 56 4.33 3.03FLIP-W 2 C 13.08 16 25 29 6.70 3.98FLIP-SPAN C 9.51 14 27 38 5.78 3.75FLIP-DIST C 4.74 36 53 63 3.75 2.76FLIP-VALID C 4.39 38 58 72 3.38 2.56GRAD-C 4.89 38 49 63 3.86 2.81SVM-GOD 8.75 27 39 50 4.81 3.24SVM-GOD C 4.07 41 60 70 3.39 2.57BAYES-GOD 1.46 84 88 92 1.46 1.42Figure 2: Comparison of algorithms on toy data. Given in bold are some ofthe strongly performing algorithms. For 
larity only these algorithms and theGOD algorithms are given in a separate table in Figure 1. In all the algorithmsletters after the name of the algorithm imply the following: C� = 12 maxi(�i),C is the value of soft margin 
hosen using a validation set, 2C is 2 � C. In thesub-sampling algorithms 50 and 300 after the name of the algorithm indi
atethe number of sub-samples used. The maximum rank s
ore is 100.
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rank rank rank mean meanALGORITHM mean 1 <= 2 <= 3 <= 10 <= 5SVM-� 8.48 15 19 25 4.77 3.54SVM-� C� 7.45 13 14 20 4.82 3.87SUB-ERR 300 7.14 16 19 27 4.59 3.51SUB-� 300 7.30 12 17 23 4.91 3.64SUB-� 300 7.53 14 21 27 4.43 3.41LOO-� 8.43 10 16 21 5.43 3.75LOO-� 7.43 7 13 18 5.03 3.96FLIP-DIST C� 7.17 10 12 17 4.93 3.96GRAD-C 8.43 9 17 21 4.98 3.82Figure 3: Comparison of algorithms on the 
olon 
an
er dataset. In all thealgorithms letters after the name of the algorithm imply the following: C� usesC= median � value, In the sub-sampling algorithms 300 after the name of thealgorithm indi
ate the number of sub-samples used. The maximum rank s
oreis 62. rank rank rank mean meanALGORITHM mean 1 <= 2 <= 3 <= 10 <= 5SVM-� 1.66 29 71 71 1.66 1.63SUB-ERR 1.98 65 71 71 1.20 1.13SUB-� 1.68 28 71 71 1.68 1.65LOO-ERR 1.41 56 71 71 1.33 1.26LOO-W 2 1.54 42 71 71 1.52 1.45Figure 4: Comparison of algorithms on the leukemia dataset. In the sub-sampling algorithms 200 after the name of the algorithm indi
ate the numberof sub-samples used. The maximum rank s
ore is 72.6 Con
lusionsWe introdu
ed some very simple minded methods of performing data 
leaningwhi
h appear to perform well enough to be used for other mi
ro-arrray problems.Our �nal 
on
lusion is that sub-sampling (in parti
ular, SUB-ERR) is a goodmethod to use and it also has the advantage of a naturally interpretable outputwhi
h is useful for analysis of data anyway. We therefore de
ided to in
ludeit in the mi
ro-array 
ode library as the method of 
hoi
e. We believe fromthe experiments with the GOD algorithms that it is not possible to improvethese results a lot if one stays within the framework of SVMs, and perhaps thisextends to the domain of supervised learning.We suggest to use SUB-ERR (
ounting the average error of ea
h trainingpoint over many sub-samplings) with whi
hever learning algorithm gives thebest generalization performan
e. If the data is very simple (leukemia data)13



su
h that 
orrelation 
oeÆ
ients 
an do very well (see previous reports) then wesuggest to use a simple algorithm su
h as LDA or other average 
ase methods.Perhaps one should use even univariate methods. For more 
omplex data where
orrelation 
oeÆ
ients are signi�
antly worse than other methods (see previousreports) then we suggest using SVMs. If feature sele
tion analysis indi
ates thatfeature sele
tion improves generalization performan
e then we expe
t the data
leaning should be done by using a feature sele
tion method as well.We also think it is interesting to look at individual examples error ratesto see if the error distribution is smooth, or if some points are 
onsistentlyin
orre
tly 
lassi�ed by the algorithm (even in the 
ase where they have the
orre
t label). We believe that this is interesting just in terms of understandingthe problem one is trying to solve, moreover if the examples are patients thisgives you some extra information that 
lassi�ers and feature sele
tors do notgive you 
on
erning the individuals. SUB-ERR also gives exa
tly this kind ofinformation.A
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