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ABSTRACT e First, the dimensionality of the data, p, can be very
high. In the human genome, there are at least 30,000
genes. And in the human body, there are more than a
million proteins. Thus, for one patient, there can quite
easily be over 50,000 pieces of data.

The goal of our research is to provide techniques that can
assess and validate the results of SVM-based analysis of
microarray data. We present preliminary results of the ef-
fect of mislabelled training samples. We conducted several

systematic experiments on arti cial and real medical data e Second, the number of samples, n, can be small (rela-
using SVMs. We systematically flipped the labels of a frac- tive to typical business applications). For many biomed-
tion of the training data. We show that a relatively small ical and pathology studies, 40-80 patients are consid-
number of mislabelled examples can dramatically decreases ered decent-sized. Sample sizes in the order of hun-
the performance as visualized on the ROC graphs. This dreds are less common. There are a number of rea-
phenomenon persists even if the dimensionality of the input sons why this is the case. First, data acquisition itself
space is drastically decreased, by using for example feature may be very expensive. While microarray costs are
selection. decreasing, other costs (e.g., wet laboratory cost for
micro—dissection of tissues) remain high. For instance,
1. INTRODUCTION the cost associated with one patient can very easily

exceed 10,000 Euros. Money aside, the second reason
is that for many diseases, there are simply not enough
patients available. One prime example is early stage
lung cancer (e.g., carcinoma—in-situ). Because early
stage lung cancer is very hard to detect by normal
pathological means (e.g., x—rays), we do not know of
any medical research centre in the world which has a
database of such patients exceeding 100. Finally, the
third reason is that even if the patients are there, many
of them or their families may not want to participate
in research studies.

Gene—expression microarrays, commonly called gene—chips,
make it possible to simultaneously measure the rate at which
a cell or tissue is expressing (translating into a protein) each
of its thousands of genes. One can use these comprehensive
snapshot of biological activity to infer regulatory pathways
in cells, identify novel targets for drug design, and improve
the diagnosis, prognosis, and treatment planning for those
su ering from disease. The amount of data this new tech-
nology produces is more than one can manually analyze.
Thus, applying data mining techniques is necessary. How-
ever, while data mining techniques are proven successful for

business applications, gene expression datasets have charac- e Third, biomedical data can be very noisy. One rea-
teristics rather di erent from those of business datasets. We son is that data may be acquired in laboratory envi-
observe three key issues. ronment, which sometimes can be hard to keep un-

changed. Another reason is that making diagnostic
decisions (e.g., grading a biopsy) is not completely ob-
jective or black—and—white. For the same medical con-
dition, there may be di erent so called gold—standards,
which may lead to di erent decisions. Thus, robust
techniques are very important.

In Proceedings of the Second European Workshop on Data Rtec\?ntéy aMStaﬁgiof;hiiér‘{) classi cdat‘lon H‘l‘eftlﬁ) d’. Sup—
Mining and Text Mining for Bioinformatics, held in conjunction port Vector Mactune 3] has been used successfu ty m mi-
with ECML/PKDD in Pisa, Italy. 24 September 2004. croarray data analysis [5, 10, 6]. Unfortunately microarray
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datasets are characterized by the huge dimensionality of the
input space p (which comprises thousands of genes) versus
the extremely low number n of training samples (usually of
the order of tens) as shown in Table 1. In such cases, a
small error in the training set could result in a really poor—
performance classi er.

The goal of our work is to assess the reliability of the
results obtained by SVM techniques on microarray data.
Here we present preliminary work that considers mislabelled
training samples as a possible source of unreliability.

2. ISTHESVMRELIABLE FORMICROAR

RAY DATASETS?

Initially, we started to investigate the problem of misla-
belled samples on an arti cial dataset and assess the perfor-
mance of the classi er.

We generated a two—class classi cation problem with an
input space of p = 2000 features, The rst class, labeled
with “-17) is sampled from a multivariate normal distribu-
tion with g = 0 and ¥ = I. The second class, labeled with
“+17, is distributed as the rst class except for 7 features
where the component of the mean is u; = 4. This proce-
dure has been adopted in order to simulate the di erential
expression of a limited number of genes. Sampling from the
distributions described above, we generated a series of train-
ing sets with n = 10, 20, 30, 40, 50, 100, 200 elements and a
test set of 1000 elements. Each training set and test set
has half of the elements labeled as “+1” and half labeled as
“-1”7. We trained a SVM on the training set and then we ran-
domly flipped the labels of a fraction of the training set and
trained other SVMs. We performed the flipping on the orig-
inal training set for percentages of {1,2,5,10,15,25,50}%
(the number of flipping has been truncated to an integer).
For each classi er we calculated the confusion matrix and
the true positive rate (also called recall)

TP rate — positives correctly classi ed

total positives
and the false positive rate (also called false alarm rate)

FP rate — negatives incorrectly classi ed

total negatives

For each experiment identi ed by a value of n and a flip-
ping percentage, the entire procedure has been repeated 20
times and mean and variance of each classi er have been
calculated.

To assess the performance of each classi er obtained we
used ROC graphs [7], where in the abscissa we have FP rate
and in the ordinate TP rate. In ROC graphs, di erently
from ROC curves, a single classi er is visualized as a point.
Instead of plotting a cloud of 20 points we plotted the mean
over the 20 trials and the 1-o errors. In Fig.1(a)-1(b) we
show the results of the simulation in a ROC graph for dif-
ferent percentage of label flipping for a training set of 20
elements and 50 elements respectively. It is evident that
with only 10% of flipping the performance of the classi er is
much lower than the correct classi er (0% flipping) and by
incrementing the number of training samples, the variance
decreases but the performance of the flipped classi ers are
still low. In Fig.2 we show two examples of non-linear SVM
classi ers, using a polynomial kernel of degree 2 and a ra-
dial basis kernel. The e ect of the flipping is still there and
in some way it is more accentuate. Usually a linear kernel

43

Source n p p after feature
selection

West et al. [10] 49 | 7129 -
Golub et al. [5] 38 | 6817 -
Vapnik et al. [9] 38 | 6817 16

Alon et al. [2] 62 | 2000 -
Alizadeh et al. [1] 96 | 4026 -
Ramaswamy et al. [8] | 76 | 16063 -
Furlanello et al. [4] 76 | 16063 315

Table 1: Number of features p and number of avail-
able samples n in microarray data analysis literature
( “-” means no feature selection is performed in the

paper).

su ces for microarray data analysis hence we concentrate
on the linear kernel.

The problem of over tting which arises when the num-
ber of features is much greater than the number of training
samples can be lowered by reducing the number of features.
Some feature selection techniques are used on SVMs, like
RFE (recursive feature elimination) [9] and E-RFE (entropy-
based feature elimination) [4], and they can reduce the num-
ber of features as shown in Tab. 1. To simulate the feature
selection we reduce the number of features from 2000 to 200,
where all the 7 expressed features are included in the 200
features. In Fig. 1(c)-1(d) we show the results of the sim-
ulation with a dataset of 200 features and training set of
cardinality 20 and 50. Notice that even if the number of
features is low, p = 200, given a low number of samples, the
performance of the mislabelled classi ers are still poor. In
particular, by observing the Fig. 1(d) we note that even if
the variance now is much smaller, the discrepancy between
the correct classi er (0%) and the 10% flipped classi er is
still high. Furthermore if in the training set there are some
mislabelled patterns, the error will propagate through the
feature selection procedure so we expect, nally, to get the
wrong set of important features.

Since a real dataset is far more complex than the synthetic
data we generated, we tested the procedure on a real biolog-
ical dataset, a human breast cancer dataset from [10], which
included 49 samples, 24 marked as ER+ and 25 marked as
ER-. We built randomly two training sets of 20 and 30 el-
ements and test the SVM classi er on a disjoint random
test set of 19 samples. In Fig. 3 we show the results on the
Breast Cancer dataset using the SVM and randomly flip-
ping a percentage of the original labels. Again with 10%
of flipping the resulting classi er is worse than the correct
classi er (0% flipping). This means that with only 2 or 3
wrong labels the classi er that we obtain a sensible decrease
of the performance of the classi er.

In all experiments with synthetic data the number of fea-
tures which are expressed is 7. If we raise the number of
expressed features to 100, we obtain a better noise-resistant
classi er as shown in Fig. 4. A plausible reason for this
behavior could be that when we increment the number of
feature expressed, the Euclidean distance between the ori-
gin (“-1” labelled samples are distributed around the origin)
and the point around which “+1” labelled samples are dis-
tributed is increased. Thus, the SVM hyperplane classi er
has more room to move around the optimal position (0%
of flipping) and also large percentage of flipping, for ex-
ample 10%, does not influence too much the performance
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Figure 1: ROC graphs of SVM classifiers. An incremental percentage of random flipping of the labels is
performed and the SVM tested on a 1000—samples unflipped test set. Each experiment is repeated 20 times
and mean and o—error for TP and FP are plotted.
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(b) . A radial basis kernel is used in the SVM classi-
cation

Figure 2: ROC graphs of SVM classifiers for some non—linear kernels. Artificial dataset of 2000 features and
20 training samples. 7 features are expressed.
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Figure 3: ROC graphs of SVM classifiers for the breast cancer dataset. An incremental percentage of random
flipping of the labels is performed and the SVM obtained tested on a 16—samples unflipped test set. Each
experiment is repeated 20 times and mean and oc—error for TP and FP are plotted.

45



Proceedings of the Second European Workshop on Data Mining and Text Mining in Bioinformatics

ROC — SVM (kernel=linear)

1.0

18
[}

0.6

509 ///
5%

TP Rate

0.4

0.2

0.0

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

FP Rate
p=2000, n=20, test size=1000, C=200, number of trials=20

Figure 4: ROC graphs of SVM classifiers. Artificial
dataset of 2000 features and 20 training samples.
100 features are expressed.

of the classi er. In real dataset however, the situation is
much more complicated than the relative simple situation
described in the synthetic datasets. Correlation between
genes and the much higher variability of the expression val-
ues, surely play a crucial role for the sensitivity of SVM to
mislabelled samples, as shown in Fig. 3.

3. CONCLUSION AND FUTURE WORK

We presented the results of experiments on arti cial and
medical data aimed to assess the sensitivity of SVM classi -
cation with respect to mislabelled training samples. This is
a preliminary step towards the de nition of new techniques
devoted to evaluate the reliability of the use of SVM for anal-
ysis of microarray data. Obviously, scientists should guaran-
tee the quality of the data they use for their research, how-
ever, our results show that the robustness of this approaches
can be a critical issue. It seems crucial now to take care of
this source of error because neither by increasing the number
of training samples or decreasing the number of features is a
good recipe to increase the performance of a SVM classi er.
A statistical method for detecting and solving such prob-
lem should be developed since the couple SVM-microarray
is wide—spreading in the scienti ¢ community.
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