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tMany real-world datasets 
ontain noise and noise
ould degrade the performan
es of learning algo-rithms. Motivated from the su

ess of wavelet de-noising te
hniques in image data, we explore a gen-eral solution to alleviate the e�e
t of noisy databy wavelet prepro
essing for medi
al/biologi
al data
lassi�
ation. Our experiments are divided into two
ategories: one is of di�erent 
lassi�
ation algorithmson a spe
i�
 database (E
oli [6℄) and the other isof a spe
i�
 
lassi�
ation algorithm (de
ision tree)on di�erent databases. The experiment results showthat the wavelet denoising of noisy data is able to im-prove the a

ura
ies of those 
lassi�
ation methods,if the lo
alities of the attributes are strong enough.

1. INTRODUCTIONNoise is a random error or varian
e of a measuredvariable [3℄. Many real-world datasets 
ontain noise.There are many possible reasons for noisy data, su
has measurement errors during the data a
quisition,human and 
omputer errors o

urring at data en-try, te
hnology limitations and natural phenomena.Removing noise from data 
an be 
onsidered as apro
ess of identifying outliers or 
onstru
ting opti-mal estimates of unknown data from available noisydata. Various smoothing te
hniques, su
h as bin-ning methods, 
lustering and outlier dete
tion, havebeen used in data mining literature to remove noise.Most of these methods, however, are not spe
iallydesigned in order to deal with noise and noise redu
-tion and smoothing are only side-produ
ts of learn-ing algorithms for other tasks. The information loss
aused by these methods is also a problem.

Wavelet te
hniques have been su

essfully appliedin image resear
h area. The main idea of waveletdenoising is to transform the data into the waveletdomain, where the large 
oeÆ
ients are mainly theuseful information and the smaller ones representnoise. By suitably modifying the 
oeÆ
ients in thenew basis, noise 
an be dire
tly removed from thedata. Though wavelet te
hniques have been widelyused for image data, little work has been reportedon using wavelet te
hniques to denoise other kinds ofdata, say, medi
al/biologi
al data whi
h are mainlyobtained by experiments or measurements and hen
ehave a good 
han
e of 
ontaining noise. This isbe
ause image data usually have strong (spatial)lo
ality1, but lo
ality of medi
al/biologi
al data isusually hidden. Although medi
al/biologi
al datala
k the spatial lo
ality, in our re
ent investigation,we found that most medi
al/biologi
al data 
ontaina 
ertain kind of lo
ality whi
h makes the use ofwavelet te
hniques for denoising plausible. Take theE
oli database [6℄ for example: the E
oli databaseis used for predi
ting the 
ellular lo
alization sitesof proteins and it 
ontains 336 instan
es with 8 at-tributes for ea
h instan
e. The 6th attribute repre-sents the s
ore of dis
riminant analysis of the aminoa
id 
ontent of outer membrane and periplasmi
 pro-teins. It originally 
ontains 8 
lasses where one 
lasshas 5 instan
es, two other 
lasses have 2 instan
esea
h, 3 
lasses are sub
ases for a big 
lass and 2other 
lasses are sub
ases of another big 
lass. So wethen simply the 8 
lasses into 4 
lasses: 
ytoplasm,perisplasm, inner membrane and outer membrane.We organize the data a

ording to these four 
lasses,i.e., the data in the same 
lass are pla
ed togetherand plot the distribution of their 6th attribute asshown in Figure 1. We observe good lo
ality of thedata from Figure 1 and hen
e it is plausible to usewavelet te
hniques to remove the noise.
2. WAVELET DENOISING1By lo
ality, we refer to 
ontinuity in the sense thatthe varian
e of the data is relatively small in itsneighborhood.
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ality of the 6th attribute in theE
oli datasetSuppose observation data y = (y1; : : : ; yn) is a noisyrealization of the signal x = (x1; : : : ; xn), yi = xi +�i; i = 1; : : : ; n, where �i is noise. It is 
ommonlyassumed that �i are independent from the signaland are independent and identi
ally distributed (iid)Gaussian random variables. A usual way to denoiseis to �nd x̂ su
h that it minimizes the mean squareerror (MSE), MSE(x̂) = 1nPni=1(x̂i � xi)2.[2℄ has developed a methodology 
alled waveShrinkfor estimating x. It has been widely applied in manyappli
ations and implemented in 
ommer
ial soft-ware, e.g., wavelet toolbox of Matlab. There arethree 
ommonly used shrinkage fun
tions: the hard,soft and the non-negative garrote shrinkage fun
-tions: ÆH� (x) = � 0 jxj � �x jxj > �ÆS� (x) = 8<: 0 jxj � �x� � x > ��� x x < ��ÆH� (x) = � 0 jxj � �x� �2=x jxj > �where � 2 [0;1) is the threshold.Wavelet denoising generally is di�erent from tradi-tional �ltering approa
hes and it is nonlinear, due toa thresholding step. Determining threshold � is thekey issue in waveShrink denoising. Minimax thresh-old is one of 
ommonly used thresholds. The min-imax threshold �� is de�ned as threshold � whi
hminimizes expressioninf� sup� � R�(�)n�1 +min(�2; 1)� ; (2.1)where R�(�) = E(Æ�(x) � �)2; x � N(�; 1). Inter-ested readers 
an refer to [7℄ for other methods.
3. EXPERIMENTAL RESULTS

We use the minimax threshold to denoise sin
e it hasbeen reported to be very eÆ
ient. We also 
hoosewavelet Db4 [1℄ in our experiments. The 
ompleteexperimental results des
ription 
an be found in ourte
h report [4℄.
3.1 Wavelet denoising for different clas-

sifiersIn this se
tion, we investigate the e�e
ts of waveletdenoising for di�erent 
lassi�
ation te
hniques onE
oli database whi
h is available from UCI ma
hinelearning repository [6℄. We 
ompare the performan
eof di�erent 
lassi�ers on E
oli database between two
ases: data with wavelet prepro
essing and datawithout wavelet prepro
essing. To further demon-strate the e�e
ts of wavelet te
hniques, we also de-rive several additional database by inje
ting noiseinto the E
oli database and perform the 
omparisona
ross a range of noise levels.The four 
lassi�ers we used are: de
ision tree, naiveBayes, PART rule learner, and oneR. The E
oli databaseis used to predi
t the 
ellular lo
alization sites ofproteins and it 
ontains 336 instan
es with 8 at-tributes for ea
h instan
e. We organized the data a
-
ording the 6th attribute whi
h represents the s
oreof dis
riminant analysis of the amino a
id 
ontentof outer membrane and periplasmi
 proteins and itmay 
ontain noise due to measurement errors. Todenoise the database, we then prepro
ess data of 6th
olumn with waveShrink te
hnique before applyingthe 
lassi�ers on the database. We also derive 4additional noisy databases from the original E
olidatabase by inje
ting di�erent levels of noise. De-note the standard deviation of the 6th attribute ofthe original E
oli database as �6. The noise we addinto the E
oli database satisfy Gaussian distribu-tions with zero mean and standard deviations:per
entagei��6; i = 1; 2; 3; 4; where per
entagei = 0:03, 0:05,0:08 and 0:1.Figure 2 shows the 
omparisons between 
lassi�-
ation a

ura
ies on data with wavelet prepro
ess-ing and data without prepro
essing by de
ision tree,naive Bayes 
lassi�er, PART rule learner and oneRrespe
tively. The a

ura
ies are obtained by three-fold 
ross-validation. The improvements in de
isiontree, naive Bayes and oneR are obvious. There areabout 1.6% improvement in de
ision tree, 1.4% im-provement in naive Bayes and 3% improvement inoneR on average. And at di�erent noise levels, theperforman
e of de
ision tree, naive Bayes 
lassi�erand oneR on data with wavelet prepro
essing is al-ways better than those without prepro
essing. Theperforman
e of PART rule learner on data with pre-pro
essing before noise level 0:05 is better than thosewithout prepro
essing and after noise level 0:05, theformer is beaten by the latter. This half-part su

essof wavelet prepro
essing obviates our experien
e andintuition whi
h tell us that the average performan
e
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(b) naive Bayes
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(
) PART rule learner
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(d) oneRFigure 2: The performan
e with four 
lassi-�ers.

is usually degraded with the in
reasing noise levels.So we tend to see the performan
e 
omparison withPART rule learner on the E
oli database a neutralresult (neither positive nor negative).In short, wavelet prepro
essing is a promising methodto improve the 
lassi�
ation performan
e for di�er-ent 
lassi�ers on the E
oli database. But noti
e thatthe good lo
ality (Figure 1) of the E
oli databasemay not be owned by the other medi
al databases.So we need to study the e�e
t of wavelet prepro
ess-ing on di�erent kind of databases whi
h is the taskof Se
tion 3.2.
3.2 Wavelet denoising on different databasesIn this se
tion, we investigate the e�e
ts of waveletdenoising on di�erent databases with de
ision treete
hniques. We 
ompare the performan
e of de
i-sion tree 
lassi�ers on data with wavelet prepro
ess-ing and those without prepro
essing. The databaseswe used are heart disease databases. They are alsoavailable in UCI ma
hine learning depository [6℄.We 
hoose de
ision tree 
lassi�er sin
e it is one ofthe most widely used te
hniques in pra
ti
e.Heart disease databases 
onsist of real, experimentaldata from four international medi
al organizations,Cleveland Clini
 Foundation, Hungarian Institute ofCardiology, the University Hospitals in Zuri
h andBasel in Switzerland, and V.A. Medi
al Center inLong Bea
h, California (VAMC). These databaseshave been widely used by resear
hers to develop pre-di
tion models for 
oronary diseases. There are alarge amount of missing data of VAMC. 689 entriesout of (200 � 13) are missing. Sin
e missing valuesmay seriously bias the threshold estimation, we willonly 
onsider the heart disease databases of Cleve-land, Hungarian and Switzerland.The arrangement of data is indexed by the mono-toni
ally in
reasing age of sampling people. Theeighth 
olumn of the heart disease database is dataon maximum heart rate. The maximum heart rate isa�e
ted by the a
tivity and/or levels of �tness. Thedi�erent a
tivity may result a di�eren
e of 3 � 5beats in the number. For example, studies showthat maximum heart rate on a treadmill is 
onsis-tently 5� 6 beats higher than on a bi
y
le ergome-ter and 2 � 3 beats higher on a rowing ergometer[5℄. Also improper pro
edures introdu
e errors inthe measurement. We also derive 4 additional noisydatabases from the original database by inje
tingdi�erent levels of noise. The performan
es are ob-tained by randomly splitting the dataset into two:80% for training and 20% for testing. Figure 3 showsthe performan
es of de
ision tree 
lassi�er on thethree heart disease databases with or without pre-pro
essing on the eighth 
olumn. The results onCleveland and Hungarian are positive. The 
las-si�
ation a

ura
ies with wavelet prepro
essing are



always higher than those without prepro
essing onthese two heart disease databases. The result onSwitzerland is neutral. The 
lassi�
ation a

ura
iesare un
hanged with prepro
essing.Similar results were observed on the fourth 
olumnof the heart databases. In addition, we did experi-ments on SPECTF and Pima Indians diabetes dis-ease [6℄. Readers 
ould refer our te
h report[4℄ for a
omplete des
ription of all the experimental results.
4. CONCLUSIONS AND FUTURE WORKIn this paper, we study a general solution to re-du
e the noise sensitivity of by wavelet denoising.Two sets of experiments (on di�erent 
lassi�ers anddi�erent databases) show that the prepro
essing ofnoisy data is able to improve 
lassi�
ation a

ura
iesif the lo
alities of attributes are strong enough.Our experiments also show that la
k of lo
ality isthe biggest hurdle for applying wavelet tool to the
lassi�
ation. Without lo
ality or with weak lo
al-ity, the wavelet domain (wavelet 
oeÆ
ients) is un-able to 
hara
terize the noise a

urately. Althoughmost of medi
al/biologi
al data have neither tempo-ral lo
ality nor spatial lo
ality, it is still possible toarrange an arti�
ial lo
ality. For example, we maysort the data to bring 
ontinuity before wavelet de-noising. We are 
urrently exploring the te
hniquesto dis
over/enhan
e lo
alities of medi
al/biologi
aldata.
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(a) Cleveland
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(b) Hungarian
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(
) SwitzerlandFigure 3: The performan
es on three heartdisease databases.


