BN LS SRS 2008—BIO—13 (4)
IPSJ SIG Technical Report 2008,76,726

FEFTE L Rou REWKE % IV 72 A i
SEET E L 20
K R R R R G 2 T TR, D B T AR

A0 7 VA ORERNS H VMR T 2DIFKREBRHERETH D, EF. EEFH
Y TIVEE D ERIRNIZZ W 2, HIBNIZ VD BEF 2 ABUZIRE U ARV & over fitting
PEITUEON, BEEFOREERIIY Y TINVBRDLEERD>TUESI RENH /.,
AFX CIRIEFRE T RERERE 2 AV CGRIET 2 BIRE $ICHBIT 2 Aik% 2 DRET
%, 1 DIXBETRETO7 7 VBEOI—2 1)y RE#E2FELUE L UTERTIZY > T
ZIOAALZREZ HOTHRIT 254, 5 0L DIMERTADEDAAZHH 24T > /-
BICHERDRT HETHD, WAL EEROMELEUNENMULED accuracy 2 LT
X7,

Cancer discrimination based upon non-metric multidimensional
scaling method
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It is an important task to discrminate cancer using microarray experiments. Usually,
since the number of samples is smaller than that of genes, it is unavoidable to select a
part of genes for discrimination in order to avoid over fitting, but this choice may differ
from samples to samples. In this paper, we propose two new methods for discrimination
without selecting genes using non-metric multidimensional scaling (nMDS). One is the
discrimination based upon embedding by employing Euclidean distance between gene ex-
pression profiles as dissimilarity and another is based upon iterative embedding after every
discrimination. Both two achieve competitive performance with the conventional voting
method.

1 Introduction

Discrimination of cancer from normal cell without the assist of human eye or in vitro
test is important task. For example, microarray should have enough information for
discrimination between cancer and normal cell, since the difference of gene expression
profile should be fundamental difference between these two. The problem on the usage of
microarray for discrimination of cancer is that number of samples is smaller than number
of genes. This means, over fitting is unavoidable. In order to be free from this problem,
usually genes used for discrimination is reduced so as to be smaller than the number of
samples. Typically, genes which exhibits larger difference of expression between normal
and cancer genes are selected as such representatives. Only difficult of this strategy is that
choices can change from samples to samples.

In this study, we propose two methods to discriminate cancer using non-metric multidi-
mensional scaling method (nMDS). One is the discrimination based upon embedding using
the correlation coefficients between gene expression profiles as similarity measure. Another
is based upon discrimination followed by embedding after every discrimination. Both two
turn out to exhibit competitive performance with the conventional voting method.



2 Materials and Methods

We have employed Data set A[1] in Ref.[2]. It contains 64 primary (class 0, FALSE) ade-
nocarcinomas and 12 metastatic (class 1, TRUE) adenocarcinomas (lung, breast, prostate,
colon, ovary, and uterus) from unmatched patients prior to any treatment. Clinical stage
of primary tumors and outcome unknown. Each sample consists of gene expression profiles
of 12603 genes.

In order to discriminate these two classes, we propose two procedures using nMDS [3].

Method 1: We simply embed 76 samples into d dimensional space using nMDS with
dissimilarity of Euclidean distance between gene expression profiles. Linear discriminant
analysis (LDA)[4] is applied to embeddings to discriminate two classes for various d. Actual
procedures are as follows. Suppose x; = (%1, Zi2, ..., Tinr), ¢ = 1,..., N is the gene expres-
sion vector for sample i. x;; is gene expression profile of gene j in sample i. .N(= 76)
is total number of samples. ¢ < 64 stands for class 0 and ¢ > 65 stands for class 1.
M (= 12603) is total number of genes. Dissimilarity d;; is Euclidean distance

M
Siir = | D (@ij — warj)?.
i=1

If we would like to classify sample A, Then we get position vector y; = (i1, Yizs - Yid)s t =
1,...,N, LDA has been done for the set of vectors y; with leave one out cross validation.

Method 2: As method 1, we embed 76 samples into d dimensional space. Then, we
check to which class one specific sample A is classified. When the sample A is classified
into class 0(1), we pick up all samples classified into class 0(1). Then these sampled are
embedded into d dimensional space again. Since usually these samples contain both classes,
we can discriminate the sample A with other samples. Actual procedures are as follows.
The procedure is the same as method 1 until we apply LDA to obtained embeddings. If
sample A is classified into class 0(1) with leave one out cross validation, we pick up set of
samples Zo(1) which are classified into class 0(1). When Zy(;) contains samples with only
either of two real classes, this is the predicted class of sample A. If Zo(1) includes both of
samples with real class 0 and class 1, we apply method 1 again to the set of samples Zo(1)-
The resulting class is the predicted class of sample A.

3 Results

In Table 1, we have presented performances by both method 1 and method 2 as a function
of embedding dimension d. Those for both methods 1 and 2 are averaged values over 30
trials, since embeddings obtained differ from trials to trials due to initial configuration
dependence. Error bars are 95 % conficence intervals. Those by voting are also presented.
The definition of performance is as follows.

Sensitivity = FNT——il—DTP
Specificity = f‘%
Accuracy = TP+TN
Y = FNYTP+FP+TN’



method 1 method 2 Voting|2]

d sens. spec. accu. sens. spec. accu. N  sens. spec. accu.
- - - - - - - 1 33 86 78
2 5943 53+1 53+2 30+4 T7E8 69+2 2 33 59 55
3 503 60+2 58+2 5144 T73+7 71+l - - - -

4 4143 60+4 572 54+4 737 T70+£2 4 33 80 72
5 42+2 6545 612 56+3 T74£7 T71+1 - - - -
6 42+2 68+5 63+1 58+3 77T 73+l - - - -

7 39+2 T4+5  64+1 60+3 T7E8  T4+2 - - - -

- - - - - 8 42 83 76
10 50+4 75+£5 71+l 5643 T78+9 T4+l - - - -

15 50+3 7510 78+1 53+6 T79+9 TTE1 - - - -

- - - - - - 16 50 80 76
20 573 83+9 T79+1 S51+4 T9£9 772 - - - -

30 58+3 85+10 7942 50+4 81+9 T7+2 - - - -

- - - - - 32 50 81 78
40 46+3 79£9 T5+2 51+4 83+9 T8E2 - - - -

- - - - - - - 64 50 81 78
- - - - - - - 100 o8 83 80
- - - - - - - 128 58 83 80
- - - - - - - 150 50 81 78
- - - - - - - 200 50 80 76
- - - - - - - 256 58 78 5
- - - - - - - 512 58 7 74
- - - - - - - 1024 58 75 72
- - - - - - - 2048 58 75 72
- - - - - - - 4096 58 73 71
- - - - - - - 8192 58 75 72
- - - - - - - 8716 58 75 72

Table 1: Comparison of performances (%) among several methods. N is number of fea-
tures used in Ref.[2]. The performances for voting are taken/computed from Table D in
Web Table A[2]. Sens., spec., and accu. stand for sensitivity, specificity, and accuracy
respectively. Bold numbers are those employed as the best ones in Ref.[2].



where T'P is the number of samples which belong to class 1 and are correctly predicted to
be class 1, F'N is the number of samples which belong to class 1 but are wrongly predicted
to be class 0, T'N is the number of samples which belong to class 0 and are correctly
predicted to be class 0, and F'P is the number of samples which belong to class 0 but are
wrongly predicted to be class 1. As can be seen in Table 1, this is difficult discrimnation.
By voting[2], specificity and accuracy are at most 58 % and 80 %. In addition to this,
performances by voting do not depend upon the number of features used monotonically.
For example, accuracy 78 % when only one feature is only 2 % less than the best 80 %
when 128 features are considered. This fact enables us to doubt the consistency of their
method. Either method 1 or 2 does not violate monotonicity upon embedding dimensions
d within error bars. Thus, our method is more trusted then theirs. The most critical
problem of voting is that it cannot consider all of genes since over fitting can occur. In
contrast to this, method 1 with d = 20 achieves the same performance as the best by
voting[2]. This means that our method can achieve the competitive performance even if
we consider all of genes. If we regard the number of embedding dimension d as being
analogous to the number of features N, our method is mostly better than voting with
similar d and N. For example, for d = 2, both method 1 and 2 has better or competitive
performances with those when voting is used with the number of feautures, N=2.

4 Conclusion

In this paper, we have proposed the usage of non-metric multidimensional scaling method
for the discrimination of cancer. It turns out that nMDS can achieve competitive or better
performance even if we consider all of genes, since we can control the effect of over fitting
by changing embedding dimension d.
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