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Feature selection for high-dimensional cancer protein mass spectrometry data

WU Wenfeng, LIU Yihui *
(School of Information , Qilu University of Technology , Jinan 250353, China)

Abstract: The analysis of high-dimensional cancer protein mass spectrometry data is full of trouble from high-

dimensional data.We propose method for selecting the feature of high-dimensional cancer protein mass spectrometry

data based on the wavelet analysis and principal component analysis, and solving the faled problems when we reduce

the dimensionality of high-dimensional cancer protein mass spectrometry data. After feature selection, we use the

support Vector Machine (SVM) for classification. We use wavelet decomposition on 8 —=7—-02 data set at second
level ,use different wavelet basis(dbl,db3,db4,db6,db8,db10, haar) and classify them with the SVM, then we
get different recognition rates: 98. 18%, 98.35% , 98.04% , 98.36% , 97. 89% , 97.96% , 98. 20%. Improve the

classification accuracy and the efficiency of time simultaneously.

Keywords ;: Wavelet analysis ; Principal component analysis ; Protein mass spectrometry ; Dimensionality reduction ; Classify
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Fig.1 Wavelet decomposition and wavelet basis

TP (a) /NG SRR MG X Gt — R MRS A B R AL D1 ARSI R AL cAl, 25 P UCOWAIRAT 2R B AT 53 1% , B R 43 i 8 23 445 3]

MRS El(b) S db3 /N, El(c) A haar /N,

Notes: (a) is wavelet decomposition fter first level wavelet decomposition on x,we get high frequency coefficient cD1 and low frequency coefficient cAl.

Then decompose high frequency coefficient again, we will get high frequency coefficient and low frequency coefficient every decomposition. (b) is db3

wavelet basis. (c¢) is haar wavelet basis.
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Fig.2 The original waveform of the first series data of 8—7—-02 data set
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Notes : The original waveform of the first series data of 8—7-02 data set: the data set has 15 154 properties, set the properties as Time axis, property values
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Fig.3 After fourth level wavelet decomposition on the first series data of 8—7—-02 data set
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Notes ; After fourth level wavelet decomposition on the first series data of 8—7-02 data set,use db3 wavelet basis:the data has 951 properties now.
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Fig.4 Scatter of classifying 8—7-02 data set
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Notes ; Black dots are cancer datas, grey dots are normal datas.
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Fig.6 Contribution rates of some main properties of 8—7-02 data set
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Notes ; Sum of the contribution rates of the first twelve properties is 90.61%.
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x1 ARMNEEEREIBEBRETHRERE
Table 1 Accuracy of classification under the different conditions of wavelet basis and levels
) AN
IHIZEL
dbl db3 db4 db6 db8 db10 haar
1 0.983 6 0.983 8 0.983 4 0.981 8 0.979 1 0.982 6 0.983 0
2 0.981 8 0.983 5 0.980 4 0.983 6 0.978 9 0.979 6 0.982 0
3 0.977 1 0.978 3 0.973 9 0.970 9 0.969 6 0.968 6 0.975 5
4 0.969 0 0.976 5 0.970 2 0.977 3 0.974 7 0.962 1 0.969 4
5 0.956 7 0.962 6 0.962 5 0.965 8 0.957 1 0.964 0 0.957 3
x2 ARNEEEARSBRERZFE TR R B
Table 2 Sensitivity under the different conditions of wavelet basis and levels
" AN
Woy 97314
dbl db3 db4 db6 db8 db10 haar
1 0.986 8 0.987 9 0.984 1 0.985 2 0.976 4 0.982 4 0.987 9
2 0.979 7 0.988 5 0.978 6 0.988 5 0.9819 0.975 8 0.979 1
3 0.972 5 0.976 9 0.968 7 0.965 4 0.963 2 0.957 7 0.9753
4 0.966 5 0.969 8 0.969 2 0.977 5 0.968 1 0.968 1 0.967 0
5 0.970 3 0.975 3 0.973 6 0.979 1 0.958 8 0.974 7 0.968 7
®3 ARNEEEARRDBEHZFETHEFRE
Table 3 Specificity under the different conditions of wavelet basis and levelsc
“ AN
THIEEL
dbl db3 db4 db6 db8 db10 haar
1 0.981 5 0.981 5 0.981 2 0.981 2 0.979 3 0.979 6 0.981 2
2 0.982 1 0.982 1 0.981 2 0.982 4 0.978 4 0.981 2 0.984 0
3 0.975 3 0.977 2 0.980 6 0.975 6 0.970 7 0.970 7 0.976 2
4 0.967 3 0.979 6 0.969 8 0.980 9 0.975 9 0.957 7 0.968 8
5 0.947 2 0.953 7 0.960 2 0.954 0 0.959 3 0.956 8 0.952 8

x4 AELEEHEERRNMNIDBEGETER
Table 4 Classific result under the conditions of

different dimensions and samewavelet basis

. P
R
12 9 6
TLHkR 0.906 1 0.884 1 0.8353
NES 0.973 6 0.973 3 0.963 6
R 0.968 7 0.984 1 0.948 4
T 0.980 6 0.967 3 0.972 2

B FRATRT LU | B 2 24 3 500 1 34
I, TE i 3 T B R Y G R A B — e AR
J& , IERA R 38 2 2 /N

HAh B4 R FE 2L bad BT SE 0 A #L
BRI BT .
3.3.1 4/3/02 Bdudk.

2RSS AR BRI 10 ZE R PE TR
FLE] 90.25% , 53 2SS9 UHT 10 ZEANIE 7.
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Fig.7 Contribution rates of some main properties of 4/3/02 data set
TE B4R PETTHRR Z H18 90.25%

Notes ; Sum of the contribution rates of the first tenth properties is 90.25%.

BB IRATA 2, 0k 4/3/02 BURESATT FEORIRAE  IEH 5 86.45% , RAELTE 87.00% , 45 57
Ko A db8 ANIEE NIEAMRE RO 1 I P 85.00%, WS £ 6 KT,
*5 ARENEEEARRSBEHEGHFTHILERE (4/3/02 HIEE)

Table 5 Accuracy of classification under the different conditions of wavelet basis and levels(4/3/02 data set)

/N
dbl dh3 dbh4 dbh6 dh8 db10 haar
1 0.844 5 0.826 5 0.818 8 0.864 3 0.864 5 0.851 8 0.845 0
2 0.8123 0.832 2 0.846 0 0.839 5 0.818 3 0.8425 0.816 8
3 0.802 8 0.820 3 0.832 5 0.826 8 0.824 3 0.8320 0.799 8
4 0.784 0 0.795 0 0.767 0 0.787 5 0.775 3 0.784 8 0.783 5
5 0.739 0 0.739 5 0.779 3 0.742 3 0.7513 0.765 5 0.744 3
R6 AR/NEEERESBEEZM TN REME (4/3/02 BiEE)
Table 6 Sensitivity under the different conditions of wavelet basis and levels(4/3/02 data set)
N
Wiy 97314
dbl db3 db4 db6 db8 db10 haar
1 0.849 0 0.800 5 0.792 5 0.893 0 0.870 0 0.8550 0.848 5
2 0.802 0 0.839 0 0.855 0 0.843 0 0.800 0 0.836 5 0.806 0
3 0.790 5 0.821 0 0.819 0 0.814 0 0.8250 0.843 0 0.790 5
4 0.778 5 0.793 5 0.740 5 0.768 0 0.743 5 0.752 0 0.779 5
5 0.718 0 0.705 0 0.764 0 0.684 0 0.702 0 0.721 0 0.727 0
RT FENEEERESBREBFMG TR R (4/3/02 HiEE)
Table 7 Specificity under the different conditions of wavelet basis and levelsc(4/3/02 data set)
JINiHE
I3 2 HL
dbl dbh3 db4 dbh6 dh8 db10 haar
1 0.840 0 0.852 5 0.8450 0.8355 0.859 0 0.848 5 0.841 5
2 0.8225 0.825 5 0.837 0 0.836 0 0.836 5 0.848 5 0.827 5
3 0.8150 0.819 5 0.846 0 0.839 5 0.823 5 0.821 0 0.809 0
4 0.789 5 0.796 5 0.793 5 0.807 0 0.807 0 0.817 5 0.787 5
5 0.760 0 0.774 0 0.794 5 0.800 5 0.800 5 0.810 0 0.761 5




138

£ #H A

& %

% 13 4

3.3.2  OvarianCD_PostQAQC %4 %E
LA IS A LB T 145 4 8 P DTk R
Z AL E] 90.14% , Sy SLYTINAT 145 4E, W 8.
A SZI S FRATTE ), XF OvarianCD_PostQAQC

ik% (Variance explained)/%

DAt

e
A

0.6

0.5

0.4

0.3

0.2

0.1
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Fig.8 Contribution rates of some main properties of OvarianCD_PostQAQC data set :sum of
the contribution rates of the first 145th properties is 90.14%

L 145 48 B TTRCRZ R 90.14%

Notes : Sum of the contribution rates of the first 145" properties is 90.14%.

10

BARESAT 28 Y db10 /N3 NIk o i 2
BOR 3 I, HAr SR R Bedd: B0 92.18% , R
91.00% , ¥ 51 93.10% , W32 8.3 9 .% 10,

15

20 25

F Ry (Principal component )

30

®8 ARNEEEARRNEEHFETHEIERZE(OvarianCD_PostQAQC H#EER)

Table 8 Accuracy of classification under the different conditions of wavelet basis and levels ( OvarianCD_PostQAQC data set)

‘ AN
SHIEH
dbl db3 db4 db6 db8 db10 haar
1 0.838 2 0.846 1 0.855 1 0.861 8 0.894 4 0.867 8 0.848 4
2 0.894 2 0.902 5 0.890 7 0.879 6 0.841 0 0.910 0 0.889 8
3 0.899 5 0.878 2 0.908 1 0.866 7 0912 5 0.921 8 0.903 9
4 0.908 3 0.879 2 0.905 3 0.888 7 0.867 6 0.906 3 0.906 3
5 0.901 4 0.870 1 0.897 0 0.901 4 0.888 4 0.864 4 0.899 8

*9 AR/NEEEREDBREHFEE TR RS ( OvarianCD_PostQAQC ##E£E)
Table 9 Sensitivity under the different conditions of wavelet basis and levels ( OvarianCD_PostQAQC data set)

. AN
SRR
dbl dh3 db4 dbh6 dh8 db10 haar
1 0.795 3 0.807 9 0.819 5 0.805 8 0.840 0 0.830 5 0.810 5
2 0.869 5 0.8753 0.862 6 0.851 6 0.805 3 0.903 7 0.863 7
3 0.893 7 0.859 5 0.894 7 0.857 4 0.903 7 0.910 0 0.899 5
4 0.874 7 0.840 0 0.888 4 0.857 4 0.840 0 0.881 1 0.873 7
5 0.897 4 0.854 2 0.887 4 0.891 6 0.892 6 0.850 5 0.890 0
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F10 FE/NEEERE S BEEHEM T 4R ( OvarianCD_PostQAQC ##E%)
Table 10 Specificity under the different conditions of wavelet basis and levelsc ( OvarianCD_PostQAQC data set)

oA e
=
dbl db3 db4 db6 db8 db10 haar

1 0.871 9 0.876 0 0.883 1 0.905 8 0.937 2 0.897 1 0.878 1
2 0913 6 0.924 0 0.912 8 0.901 7 0.869 0 0.914 9 0.910 3
3 0.904 1 0.893 0 0.918 6 0.874 0 0.919 4 0.9310 0.907 4
4 0.934 7 0.909 9 0.918 6 0.913 2 0.889 3 0.926 0 0.931 8
5 0.904 5 0.882 6 0.904 5 0.909 1 0.885 1 0.875 2 0.907 4

4 Wit5%458

Sl — RPN S8, RATR I, W) —HE s, 78
PEAT /N AR SR R] — /N | 2473 J2 AN [
I, 3 aE R oM AT AN ], B 8702 K ds e A 1
db3 /N B I 7R — B 02 43 gk I IE A R S 0]
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