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A 8 5 7 R A C 7  
6ene funct10n d15c0very 15 an 1mp0rtant and 1ntere5t1n9 pr061em 1n 
c0mputat10na1 ana1y515 0f m1cr0array data. 1n th15 paper, we 1nve5- 
t19ate the u5e 0f a 5em1-5uperv15ed 1eam1n9 a190r1thm f0r 1nferr1n9 
9ene funct10na1 c1a551f1cat10n5 fr0m heter09ene0u5 data 5et c0n515t- 
1n9 0fDNA m1cr0array expre5510n mea5urement5 and phy109enet1c 
pr0f11e5 fr0m wh01e-9en0me 5e4uence c0mpa5510n5. 7he 5em1- 
5uperv15ed 1eam1n9 appr0ach a1m5 at m1n1m121n9 the d15a9reement 
6etween 1nd1v1dua1 m0de15 6u11t fr0m each 5eparate 1nf0rmat10n 
50urce 6y emp10y1n9 a c0-updat1n9 meth0d and mak1n9 u5e 0f 
60th 1a6e1ed and un1a6e1ed data. 0ur re5u1t5 5u99e5t that the 5em1- 
5uperv15ed appr0ach c0u1d 6e u5ed f0r 9ene funct10na1 c1a551f1ca- 
t10n. 7he data 5et5 and the pr09ram c0de u5ed f0r the exper1ment5 
can 6e acce55ed fr0m 0ur we6pa9e 1. 

Keyw0rd5: 6ene funct10na1 c1a551f1cat10n, 5em1-5uperv15ed, 5up- 
p0rt Vect0r Mach1ne(5VM), heter09ene0u5, m1n1m12e d15a9reement 

1. 1 N 7 R 0 D U C 7 1 0 N  
6ene funct10n d15c0very 15 an 1mp0rtant pr061em 1n m1cr0array 

data ana1y515. 1t can he1p u5 under5tand the m01ecu1ar mach1nery 
0f the ce11. 1n1t1a1 ana1y515 0f m1cr0array data f0r 9ene funct10n 
d15c0very f0cu5ed 0n c1u5ter1n9 a190r1thm5, 5uch a5 h1erarch1ca1 
c1u5ter1n9 [9] and 5e1f-0r9an121n9 map5 [19]. 7he5e un5uperv15ed 
a190r1thm5 w0rk under the a55umpt10n that 9ene5 w1th 51m11ar ex- 
pre5510n pattern may have 51m11ar funct10n. 8e51de5 the m1cr0array 
9ene expre5510n data, the 5e4uenc1n9 pr0ject5 pr0v1de a c0mp1e- 
mentary v1ew f0r exp10r1n9 the m01ecu1ar mach1nery. 7he ava11- 
a6111ty 0f c0mp1ete 9en0m1c 5e4uence 0f human and 0ther 5pec1e5 
pr0v1de5 a tremend0u5 0pp0rtun1ty f0r under5tand1n9 the funct10n5 
0f 9ene5 [15]. Phy109enet1c pr0f11e 15 an0ther data type f0r 9ene 
funct10n d15c0very and 1t 15 der1ved fr0m a c0mpar150n 6etween 

*7he ema11 addre55 0f the c0ntact1n9 auth0r 15 
ta011•c5.r0che5ter.edu. 7h15 w0rk wa5 d0ne wh11e the au- 
th0r wa5 d01n9 5ummer re5earch 1ntern at Xer0x W1150n Re5earch 
Center. 
1http://www.c5.r0che5ter.edu/u/ta011/610. 

Perm15510n t0 make d191ta1 0r hard c0p1e5 0f a11 0r part 0f th15 w0rk f0r 
per50na1 0r c1a55r00m u5e 15 9ranted w1th0ut fee pr0v1ded that c0p1e5 are 
n0t made 0r d15tr16uted f0r pr0f1t 0r c0mmerc1a1 advanta9e and that c0p1e5 
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a 91Ven 9ene and a C011eCt10n 0f C0mp1ete 9en0me5. EaCh pr0f11e 
CharaCter12e5 the eV01Ut10nary h15t0ry 0f a 91Ven 9ene. 7W0 9ene5 
w1th 51m11ar phy109enet1C pr0f11e5 are 11ke1y t0 have 51m11ar func- 
t10n5, under the a55umpt10n that the1r 51m11ar pattern 0f 1nher1tance 
acr055 5pec1e5 15 the re5u1t 0f a funct10na1 11nk. 

7here are many w0rk5 0n 9ene funct10n d15c0very 0n m1cr0ar- 
ray expre5510n data and 5e4uence data 5eparate1y, h0wever, few 
w0rk5 that c0n51dered c0m61n1n9 the5e heter09ene0u5 1nf0rmat10n 
t09ether. [15] 15 0ne 0f the few w0rk5 0n c0m61n1n9 d1fferent 
type5 0f data f0r 9ene funct10n d15c0very. 1t pre5ented a 5uperv15ed 
meth0d u51n9 5upp0rt Vect0r Mach1ne(5VM) t0 1eam 9ene func- 
t10na1 c1a551f1cat10n5 fr0m a heter09ene0u5 data 5et c0n515t1n9 0f 
m1cr0array expre5510n data and phy109enet1c pr0f11e5. 1t 5h0wed 
that th15 c0m61nat10n 15 m05t 5ucce55fu1 when the 5VM 0perate5 
1n a feature 5pace that 15 exp11c1t1y heter09ene0u5. An 5VM w1th 
an exp11c1t1y heter09ene0u5 kerne1 funct10n 6y f1r5t c0mput1n9 5ep- 
arate keme15 f0r each data type and then 5umm1n9 the re5u1t5 15 
c0n5tructed a5 f0110w5: 

Kc0m61n~d(X, Y)  = K(X~, Y~) + K(Xp,  Yp), 

where the 5u65cr1pt5 den0te 9ene expre5510n and phy109enet1c pr0- 
f11e data, and the 10ca1 keme1 funct10n 1n51de each data type 15 a5 
f0110w5: 

K ( X , Y )  = ( Xx/~7~. X yx/.~7~, y X "  Y + 1) a. (1) 

7he heter09ene0u5 kerne11nc0rp0rate5 pr10r kn0w1ed9e 6y acc0unt- 
1n9 f0r h19her-0rder c0rre1at10n5 am0n9 feature5 0f 0ne data type 
6ut 19n0r1n9 h19her-0rder c0rre1at10n5 acr055 data type5. A1th0u9h 
1t pr0v1ded a pr0m151n9 v1ew 0f the ana1y515 0f c0m61n1n9 heter0- 
9ene0u5 data, 5evera1 4ue5t10n5/d1rect10n5 5t111 need t0 6e further 
1nve5t19ated 5uch a5: H0w t0 fu11y take advanta9e 0f the5e heter0- 
9ene0u5 1nf0rmat10n• H0w t0 eff1c1ent1y ut1112e heter09ene0u5 data 
e5pec1a11y when 50me cate90ry 1nf0rmat10n 15 unava11a61e• etc. 

7he pr061em 0f 1earn1n9 fr0m mu1t1p1e 1nf0rmat10n 50urce5 ha5 
6een exten51ve1y 5tud1ed 1n mach1ne 1earn1n9 and c0mputer v1510n 
11terature where 1t 15 ca11ed a5 mu1t1-m0da1 1earn1n92. 6enera11y 
there are tw0 type5 0f mu1t1-m0da1 1earn1n9: feature 1eve1 1nte9ra- 
t10n and 5emant1c 1nte9rat10n [23]. 7he feature 1nte9rat10n c0m- 
61ne5 the 1nf0rmat10n at the feature 1eve1 and perf0rm5 1earn1n9 1n 
the j01nt feature 5pace. 7he c0rre1at10n 5tructure 6etween d1fferent 
50urce5 can 6e d15c0vered v1a 1earn1n9. 7he 5emant1c 1nte9rat10n, 
0n the 0ther hand, f1r5t 6u11d5 1nd1v1dua1 m0de15 6a5ed 0n 5eparate 
1nf0rmat10n 50urce5 and then c0m61ne5 the5e m0de15 v1a 50me pr0- 
ce55e5 5ay, mutua1 1nf0rmat10n max1m12at10n [3]. 1n th15 c0ntext, 

21n th15 paper, we 1nterchan9ea61y u5e m0da1, c0mp0nent and 1n- 
f0rmat10n 50urce. 
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the c0m61nat10n 0f heter09ene0u5 keme1 u5ed 1n [15] 15 a150 a 5e- 
mant1c 1nte9rat10n. 

7he a6111ty 0f u51n9 1a6e1ed and un1a6e1ed data are u5efu1 f0r 
9ene funct10na1 c1a551f1cat10n 1n tw0 d1fferent way5. A5 ment10ned 
6ef0re, there are ca5e5 that 50me 9ene cate90rY 1nf0rmat10n 15 n0t 
ava11a61e. 50 we have 50me 1a6e1ed data and 50me un1a6e1ed data. 
7he heter09ene0u5 data type5 c0u1d 1et u5 take advanta9e 0f 60th 
the 1a6e1ed and un1a6e1ed data. Even 1n the ca5e5 where a11 the 
9ene cate90ry 1nf0rmat10n 15 ava11a61e, m05t 1earn1n9 meth0d5 u5e 
cr055-va11dat10n techn14ue t0 6u11d pred1ct10n m0de15 where 50me 
data 5amp1e5 are h01d 0ut. 7he5e h01d-0ut 5amp1e5 are n0t u5ed 
f0r tra1n1n9. W1th 1nf0rmat10n fr0m heter09ene0u5 50urce5, the5e 
h01d-0ut 5amp1e5 c0u1d a150 6e u5ed f0r tra1n1n9 6y v1ew1n9 them 
a5 un1a6e1ed data, 1.e., w1th n0 cate90ry 1nf0rmat10n. 

1n th15 paper, we w111 pre5ent a c0-updat1n9 appr0ach f0r 5em1- 
5uperv15ed 1earn1n9 fr0m heter09ene0u5 data type5. C0-updat1n9 
appr0ach 15 a k1nd 0f 5emant1c 1nte9rat10n. 7he rea50n we prefer 
5emant1c 1nte9rat10n 15 f0ur-f01d. F1r5t, a1th0u9h the 5tructure 1n 
the j01nt feature 5pace 15 0ften m0re 1nf0rmat1ve than that ava11a61e 
t0 each 0f the 1nd1v1dua1 50urce5, feature 1nte9rat10n tend5 n0t t0 
9enera112e we11. 7he m0de1 c0mp1ex1ty, c0mputat10n 1nten51ty, and 
tra1n1n9 d1ff1cu1ty typ1ca11y are 0ther pr061em5 a550c1ated w1th fea- 
ture 1nte9rat10n [23]. 5ec0nd, 1earn1n9 1n the j01nt 5pace 15 n0t a61e 
t0 mar91na112e 0ver the m1551n9 50urce5 and re4u1re5 future pattem5 
f0r c1a551f1cat10n c0nta1n1n9 a11 feature d1men510n5 [8]. Wh11e we 
1ntend t0 1earn fr0m aj01nt feature 5pace, we 5t111 need t0 6e a61e t0 
ana1y2e and act 0n the 1nf0rmat10n fr0m a 51n91e 50urce. F0r exam- 
p1e, we 50met1me5 w0u1d 11ke t0 pred1ct the funct10na1 c1a551f1ca- 
t10n5 501e1y 6a5ed 0n the DNA m1cr0array 1nf0rmat10n. Feature 1n- 
te9rat10n 15 thu5 n0t 5u1ta61e. 7h1rd, we w0u1d 11ke t0 have a way t0 
ut1112e 60th 1a6e1ed and un1a6e1ed data 51nce there are 5cenar105 that 
50me 9ene cate90ry 1nf0rmat10n 15 ava11a61e and wh11e the 0ther 15 
unava11a61e. F0urth, the 5emant1c 1nte9rat10n appear5 t0 have 610- 
1091ca1 and phy51ca1 p1au516111ty. 1t 15 we11 kn0wn that the cere6ra1 
c0rtex c0mpetent1y c1a551f1e5 un1m0da1 5t1mu11 wh11e keep1n9 the 
d1fferent m0da11t1e5 1ar9e1y 5eparate. A150, Me6urk effect 5h0wed 
that a1th0u9h the 1nf0rmat10n fr0m d1fferent 5en50ry m0da11t1e5 15 
c0m61ned 1n determ1n1n9 human•5 percept10n, the c0m61nat10n 15 
0ften n0t 5u6ject t0 c0n5c10u5 c0ntr01 [ 12]. 

5evera1 a190r1thm5 have 6een pr0p05ed t0 c0m61ne 1nf0rmat10n 
fr0m 1a6e1ed and un1a6e1ed data 1nc1ude u51n9 Expectat10n Max1- 
m12at10n [2, 11] and 9enerat1ve m0de15 [14]. 81um and M1tche11 
de5cr16ed the c0-tra1n1n9 5ett1n9 [4] where the feature5 1n the pr06- 
1em d0ma1n are natura11y d1v1ded 1nt0 tw0 d15j01nt 5et5 (0r 1n 0ther 
w0rd5, tw0-m0da1) and 5h0wed that, under certa1n a55umpt10n5, 
PAC-11ke 9uarantee 0n 1earn1n9 w1th 1a6e1ed and un1a6e1ed data 
h01d5. 7hey a150 pre5ent an a190r1thm f0r we6 pa9e5 c1a551f1cat10n 
u51n9 60th 1a6e1ed and un1a6e1ed data. R0th and 2e1enk0 deve10ped 
a the0ry f0r 1earn1n9 5cenar105 where mu1t1p1e 1earner c0-ex15t 6ut 
there are mutua1 c0mpat16111ty c0n5tra1nt5 0n the1r 0utc0me5 [ 17]. 
C0-tra1n1n9 ha5 a150 6een u5ed 1n 1nf0rmat10n extract10n [ 16], w0rd 
5en5e d15am619uat10n [24] and name ent1ty c1a551f1cat10n [7]. 7he5e 
app11cat10n5 dem0n5trated that u51n9 1a6e1ed data c0u1d 1ead t0 the 
perf0rmance 1mpr0vement 0ver 1earn1n9 501e1y 6a5ed 0n 1a6e1ed 
data. N19am and 6han1 [13] 5h0wed that when an 1ndependent 
and redundant feature 5p11t ex15t5, c0-tra1n1n9 a190r1thm5 0utper- 
f0rm 0ther a190r1thm5 u51n9 un1a6e1ed data. 

When we have tw0 d1fferent 1nf0rmat10n 50urce5 f0r 9ene func- 
t10na1 c1a551f1cat10n, we 9enera11y fa11 1nt0 the c0-tra1n1n9 5ett1n9. 
1n th15 paper, we f1r5t 91ve a the0ret1ca1 ju5t1f1cat10n 0n m1n1m121n9 
the d15a9reement 6etween tw0 1nd1v1dua1 m0de15 c0u1d 1ead t0 the 
1mpr0vement 0f the c1a551f1cat10n accuracy 0f 1nd1v1dua1 m0de15. 
8a5ed 0n the pr00f, we then deve10p a c0-updat1n9 appr0ach wh1ch 

tr1e5 t0 m1n1m121n9 the d15a9reement 6etween the 1nd1v1dua1 m0d- 
e15. F1na11y we rep0rt 0ur exper1ment re5u1t5. 51nce 0ur 1earn1n9 
a190r1thm take5 1nt0 acc0unt 60th 1a6e1ed and un1a6e1ed 5amp1e5, 
we refer 1t a5 5em1-5uperv15ed 1earn1n9 a190r1thm. 7he paper 15 0r- 
9an12ed a5 f0110w5: 5ect10n 2 pre5ent5 the the0ret1ca1 pr00f that 
m1n1m121n9 the d15a9reement w0u1d 1ead t0 perf0rmance 1mpr0ve- 
ment, 5ect10n 3 de5cr16e5 0ur c0-updat1n9 appr0ach and 5ect10n 4 
5h0w5 and d15cu55e5 exper1menta1 re5u1t5. F1na11y 5ect10n 5 c0n- 
c1ude5 and d15cu55e5 future re5earch d1rect10n5. 

2. M1N1M121N6 D15A6REEMEN7 
1n th15 5ect10n, we 5h0w that, the0ret1ca11y, m1n1m121n9 the d15- 

a9reement 6etween tw0 1nd1v1dua1 m0de15 c0u1d 1ead t0 the 1m- 
pr0vement 0f the c1a551f1cat10n accuracy 0f 1nd1v1dua1 m0de15. 1n 
th15 paper, we f0cu5 0n 61nary c1a551f1cat10n pr061em5 and we u5e 
0, 1 t0 1a6e1 the tw0 c1a55e5 re5pect1ve1y 3. 5upp05e we have an 1n- 
5tance 5pace X = (X1, X2) where X1 and X2 are fr0m d1fferent 
065ervat10n5. Let D 6e the d15tr16ut10n 0ver X. 1f f 15 the tar9et 
funct10n 0ver D, then f0r any examp1e x = (x1,x2) we w0u1d 
have f ( x 1 ,  x2) = f1(x1) = f2(x2) where f1 and f2 are the tar9et 
funct10n5 0ver X1 and X2 re5pect1ve1y. 

5upp05e we 6u11d hyp0the5e5 f~ 0n X1 and f~ 0n X2. We a5- 
5ume 

P(f;(x1) = f9~(x2)) = P(f;(x1) = f~(x2)[f2(x2) = f~(x2)) 

P(y~(x1)  ¢ f~(x2))  = P( f~ (x~)  ¢ Y~(x2)1f2(x2) 7£ f~(x2))  

7he a55umpt10n can 6e 1nterpreted a5 whether f~ and f~ a9ree 151n- 
dependent 0fthe accuracy 0f f~ (0r f~). 7h15 5eem5 t0 6e a 50me- 
what p1au5161e 5tart1n9 p01nt. 0ne  p0pu1ar a55umpt10n u5ed[4] 15 
that x~ and x2 are c0nd1t10na1 1ndependent 91ven the 1a6e15, 1.e., 

P(x1 = x~1x2 = x~) = P(x1 = x~1f2(x2) = f2(x•2) ). N0wwe 
u5e f~ t0 c1a551fy new 1n5tance5 x = (x1, x2), 1et a 6e the accu- 
racy 0ff~. 7he m15c1a551f1cat10n err0r 15 P( f~ (x1 )  7 £ f(x1,  x2)). 
N0te that P( f~(x1)  7£ f ( x 1 , x 2 ) )  = P( f~ (x1)  7 ~ f2(x2)) = 
P(Y~(X1) 7 £ /1(X1)). 

HenCeP(f~(X~) 7£ f2(x2))  = 1 - -P ( f~ (X1)  = f2(x2))  

= 1 - { a P ( f ; ( x 1 )  = f~(x2)) + (1 - a)P( f1 (x1)  # f~(x2))} 

= 1 - {aP( f~ (x1 )  = f~(x2)) + P( f~(x1)  # f~(x2)) 

- a P ( f ;  (X1) ¢ f ; (X2))}  

= 1 - a {P( f~ (x1 )  = f~(x2))  - P ( f~ (x~)  ~ f~(x2))} 

- P ( f 1 ( x ~ )  7£ f9•(x2)) 

N0w def1ne a funct10n f (a, x,  y) = 1 - a ( x -  y) - y where x + y  = 
1. Hence 

9 ( x , a ) = f ( a , x , y ) = x - a ( x - 1 + x )  = x - 2 a x + a ,  

d 9 / d x = 1 - 2 a < 0  1 f a >  1/2, 

d 9 / d a =  1 - 2 x < 0  1 f x >  1/2. 

50 1f 60th P( f~  (x1) = f~(x2)) and a are 9reater than 1/2, then 
1ncrea51n9 a and P( f~  (x1) = f~(x2))  w0u1d decrea5e the m15- 
c1a551f1cat10n err0r 0f the m0de1 u51n9 the f1r5t c0mp0nent 0f the 
1n5tance5. 51m11ar1y, when u51n9 f~ t0 c1a551fy new 1n5tance5 x = 
(x1, x2) and 1ett1n9 6 6e the accuracy 0f f1, we 06ta1n that 1f 60th 
P( f~  (x1) = f~ (x2)) and 6 are 9reater than 1/2, then 1ncrea51n9 
a and P( f~  (x1) = f~(x2))  w0u1d decrea5e the m15c1a551f1cat10n 
err0r 0fthe m0de1 u51n9 the 5ec0nd c0mp0nent 0fthe 1n5tance5.1n 
0ther w0rd5, m1n1m121n9 the d15a9reement,1.e.,1ncrea51n9 P( f~  (x1) -= 
f~ (x2), w0u1d decrea5e the m15c1a551f1cat10n err0r. 

aF0r mu1t1-c1a55 c1a551f1cat10n pr061em, 5evera1 appr0ache5 can 6e 
u5ed t0 reduce 1t t0 61nary 0ne5 [1]. 
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8a5ed 0n the pr00f 1n 5ect10n 2, we pr0p05e a c0-updat1n9 ap- 

pr0ach t0 m1n1m12e the d15a9reement. 7he c0-updat1n9 appr0ach 
d1ffer5 fr0m the p0pu1ar c0-tra1n1n9 a190r1thm pre5ented 1n [4] and 
the c08005t1n9 a190r1thm de5cr16ed 1n [7]. 7he p0pu1ar c0-tra1n1n9 
a190r1thm 1ncrementa11y 1nc0rp0rate the un1a6e1ed data 1nt0 1eam- 
1n9 and the c08005t1n9 adapt1ve1y update the d15tr16ut10n 0f the 
tra1n1n9 5amp1e5. 7he 6a51c 1dea 0f e0-updat1n9 15 a5 f0110w5: 7he 
1a6e1ed 5amp1e5 are f1r5t u5ed t0 9et weak hyp0the5e5 f0 0n X1 and 
f0 0n )(2. F0r every un1a6e1ed 5amp1e (x1, x2), we u5e f0(x2) a5 
the n015y 1a6e1 f0r x1 t0 update f0 and u5e f°(x1)  a5 n015y 1a6e1 
f0r x2 t0 update f0. 7h15 pr0ce55 15 then repeated unt11 50me 5t0p 
cr1ter10n 15 met. 7he c0-updat1n9 appr0ach 15 de5cr16ed a5 f0110w5: 
7he 1ntu1t10n 6eh1nd the c0-updat1n9 appr0ach 15 that we 5t0cha5- 

A190r1thm 1 C0-updat1n9 
1nput: A c011ect10n 0f m 1a6e1ed and n un1a6e1ed data 

a,/3 - -  defau1t 0.15 
7 - -  defau1t 10 

0utput: 7w0 c1a551f1er5 that pred1ct c1a55 1a6e15 f0r new 
1n5tance5 6a5ed 0n d1fferent 1nf0rmat10n 50urce5 

1: 8u11d f1 ° fr0m the f1r5t c0mp0nent 0f 1a6e1ed 5amp1e5 
2: 8u11d f0 fr0m the 5ec0nd c0mp0nent 0f 1a6e1ed 5amp1e5 
3: L00p f0r 7 t1me5 
4: U5e f~-1 9et the 1a6e15 0fa11 the 5amp1e5 6a5ed 0n 

the1r f1r5t c0mp0nent, 1~- t 
5: U5e f~-1 9et the 1a6e15 0fa11 the 5amp1e5 6a5ed 0n 

the1r 5ec0nd c0mp0nent, 1~- 1 
6: Update 1~ -1, 1.e., f0r k := 1 t0 m + n 
7: r1--rand0m(0, 1) (a rand0m num6er 1n (0, 1)) 
8: 1f (r1 < a) ,  1~ (k) = 1~ (k) 
9: Update 1~ -1, 1.e., f0 r j  := 1 t0 m + n 
10: r2=rand0m(0, 1) (a rand0m num6er 1n (0, 1)) 
11: 1f(r2 </3),1~(j)  = 1~(j) 
12: Ut1112e the f1r5t c0mp0nent 0f a11 the 5amp1e5, 

v1ew1n9 1] a5 1a6e15, t0 update f~-1 and 9et f~ 
13: Ut1112e the 5ec0nd c0mp0nent 0f a11 the 5amp1e5, 

v1ew1n9 1~ a5 1a6e15, t0 update f~-  a and 9et f~ 
14: 0utput f~ ,  f ~  

t1ca11y update the pred1ct10n 0f 0ne m0da1 u51n9 the 1nf0rmat10n 
fr0m the 0ther m0da1. 1f the 1n1t1a1 c1a551f1er5 are 6etter than ran- 
d0m 9ue55 (a, 6 > 1) and the a9reement 0f the pred1ct10n5 fr0m 
the tw0 m0da1 15 1ndependent 0f each m0da1•5 pred1ct10n accuracy, 
then 0n avera9e the c0-updat1n9 appr0ach, try1n9 t0 m1n1m12e the 
d15a9reement, 5h0u1d Pr09re55 t0ward h19her perf0rmance. 

Let ••)•1, ~2 6e tw0 rand0m vect0r5 dec1ded 6y r1, r2 1n the c0- 
updat1n9 pr0ce55, then 

121-1~1 : 121-1+~1(2F 1 - 1 F  1 ) - 1 ~  -1~.Y2(t~ -~-2~-~)1  

-• 1(2~ -1 - C  1) • (.y1 +-y~)(2F ~ - tF~)1 

= (1 - 7, - 72)1/] -1 - t~-11 • 

50 the c0-updat1n9 appr0ach 15 trY1n9 t0 1ncrea5e the d15a9reement. 
Let L 6e the true 1a6e15 f0r the 5amp1e5. N0te that 

11] - L1 = 11] -1  + 71(1~ -1  - 1] - 1 )  - ] 

= 1(1-71)(1~ -1 - L) +71(/~ -1 - L)1 

<• (1-~/1)[1~-1-  L1+~y111~-1- L[. 

Hence, we m19ht 6e a61e t0 1ncrea5e a 0r 6 wh11e reduc1n9 the d15- 
a9reement. 50 the update ru1e c0ncur5 w1th 0ur prev10u5 pr00f. 

4. RE5UL75  AND ANALY515 

4.1 Data De5cr1pt10n 
7he exper1ment5 carr1ed 0ut here u5e tw0 type5 0f 9en0m1c data. 

7he f1r5t data 5et c0n515t5 0f a 5et 0f 79-d1men510n 9ene expre5- 
510n vect0r5 f0r 2465 yea5t 9ene5 and 1t der1ve5 fr0m a c011ect10n 
0f DNA m1cr0array hy6r1d12at10n exper1ment5 where each 5amp1e 
repre5ent5 the 109ar1thm 0fthe rat10 0f expre5510n 1eve15 0f a part1c- 
u1ar 9ene under tw0 d1fferent exper1menta1 c0nd1t10n5. 7he 5ec0nd 
data 5et 15 a 5et 0f 24-e1ement vect0r5 f0r 2465 yea5t 9ene5 and 
1t der1ve5 fr0m phy109enet1c pr0f11e5. C1a551f1cat10n exper1ment5 
are carr1ed 0ut u51n9 9ene funct10na1 cate90r1e5 fr0m the Mun1ch 
1nf0rmat10n Center f0r Pr0te1n 5e4uence5 C0mprehen51ve Yea5t 
6en0me Data6a5e(CY6D) 4. 7he data6a5e c0nta1n5 5evera1 hun- 
dred funct10na1 c1a55e5 wh05e def1n1t10n5 c0me fr0m 610chem1ca1 
and 9enet1c 5tud1e5 0f 9ene funct10n. 0ur exper1ment5 here u5e the 
f1ve m05t 1earna61e c1a55e5 w1th heter09ene0u5 data type5 de5cr16ed 
1n [15]. 7he f1ve c1a55e5 are 115ted 1n 7a61e 1. 

C1a55 Name 512e 
am1n0 ac1d tran5p0rter5 22 
r16050ma1 pr0te1n5 173 

5u9ar and car60hydrate tran5p0rter5 32 
de0xy160nuc1e0t1de meta60115m 9 
m1t0ch0ndr1a1 0r9an12at10n 296 

7a61e 1: F1ve C1a55e5. E a c h  r0w c0nta1n5 the  n a m e  0 f t h e  c1a55 
and  the 512e 0f  the c1a55. 

F0r c0nven1ence, 1n the re5t 0fthe paper, we ca11 the f1ve c1a55e5 
a5 c1a55 1, 11, 111, 1V and V re5pect1ve1y. We u5e 5VM a5 6a5e c1a5- 
51f1er5 51nce 1t 15 5tate-0f-art and ha5 6een 5ucce55fu11y and w1de1y 
u5ed 1n c1a551f1cat10n [5, 10]. 8a51ca11y 5peak1n9, 5VM 15 a mech- 
an15m wh1ch tr1e5 t0 c1a551fy data p01nt5 1n the 1nput 5pace 6y map- 
p1n9 them 1nt0 a h19her d1men510n feature 5pace (u51n9 kerne1 func- 
t10n) and then f1nd1n9 the 5eparat1n9 hyperp1ane 1n the feature 5pace 
w1th the 1ar9e5t mar91n. M0re deta115 0n 5VM can 6e f0und 1n [6, 
21 ]. 1n 0ur exper1ment5, we u5e the kerne1 funct10n de5cr16ed 1n 
E4uat10n 1. 7h15 kerne1 funct10n take5 1nt0 acc0unt pa1rw15e and 
tert1ary c0rre1at10n5 am0n9 the mea5urement5 and wa5 rep0rted t0 
6e very eff1c1ent [5, 15]. We a150 u5e the defau1t parameter 5ett1n95 
1n the c0 -update  pr0cedure. 

4.2 Re5u1t5 0n 8a1anced D15tr16ut10n 
6enera11y 6u11d1n9 m0de15 when 0ne c1a55 15 rare can 6e 4u1te 

d1ff1cu1t 6ecau5e there are 0ften many un5tated a55umpt10n5 [25]. 1t 
15 c0nvent10na1 w15d0m that c1a551f1er5 6u11t u51n9 a11 the data tend 
t0 perf0rm w0r5e 0n the m1n0r1ty c1a55 than 0n the maj0r1ty c1a55 
51nce the c1a55 pr10r5 1n the natura1 d15tr16ut10n are 61a5ed 5tr0n91y 
1n fav0r 0fthe maj0r1ty c1a55 and the m1n0r1ty c1a55 ha5 much fewer 
tra1n1n9 and te5t 5amp1e5 [22]. 1t ha5 6een 5h0wn [22] that when the 
area 0fR0C curve 15 u5ed a5 the perf0rmance mea5ure, the 0pt1ma1 
d15tr16ut10n 9enera11y c0nta1n5 6etween 50% and 90% m1n0r1ty- 
c1a55 examp1e5 and the 9enera1 5trate9y 15 a1way5 a110cat1n9 a60ut 
ha1f 0f the tra1n1n9 examp1e5 t0 the m1n0r1ty c1a55. A1th0u9h the 
6a1anced d15tr16ut10n w111 n0t a1way5 y1e1d 0pt1ma1 d15tr16ut10n, 1t 
w111 9enera11y 1ead t0 re5u1t5 wh1ch are n0 w0r5e than, and 0ften 
5uper10r t0 th05e wh1ch u5e the natura1 c1a55 d15tr16ut10n [22]. 50 
0ur f1r5t 5et 0f exper1ment5 are carr1ed 0n the 6a1anced d15tr16ut10n5 
0f the f1ve c1a55e5. We u5e a11 the m1n0r1ty-c1a55 5amp1e5 and the 
6a1anced d15tr16ut10n5 are 9enerated 6y rand0m1y 5e1ect1n9 an e4ua1 
num6er 0f maj0r-c1a55 5amp1e5. 

4 http : //m1p5.95f de/pr0j/yea5t/CY6D/d6/1ndex.htm1. 
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We then c0nduct exper1ment5 u51n9 0ur c0-updat1n9 appr0ach. 
A1th0u9h a11 0f 0ur 5amp1e5 are 1a6e1ed, f0r the purp05e 0f 111u5- 
trat1n9 the u5efu1ne55 0f 0ur c0-updat1n9 appr0ach, we u5e a60ut 
50% 0f the 5e1ected 5amp1e5 a5 1a6e1ed 5amp1e5 wh11e the rema1n- 
1n9 are re9arded a5 un1a6e1ed. 7he d15tr16ut10n5 0f the 5amp1e5 
are de5cr16ed 1n 7a61e 2. Due t0 the 1n51de rand0mne55 0f the c0- 
updat1n9 appr0ach, the accuracy 15 ca1cu1ated 6y avera91n9 10 run5. 
7he re5u1t5 are 5h0wn 1n 7a61e 3-7a61e 7. 7he re5u1t5 are ca1cu- 
1ated 6y te5t1n9 0n a11 the 5e1ected 5amp1e5. Each e1ement 0f the 
ta61e 15 a 4-tup1e (7P, 7N, FP, FN) where 7P repre5ent5 the num- 
6er 0f true p051t1ve5, 7N 15 the num6er 0f true ne9at1ve5, FP 15 
the num6er 0f fa15e p051t1ve5 and FN 15 the num6er 0f fa15e ne9a- 
t1ve5. We repre5ent the re5u1t a5 a 4-tup1e 51nce the the accuracy 15 
n0t an appr0x1mate mea5ure when the c1a55 d15tr16ut10n 15 h19h1y 
5kewed [22]. 7he c05t funct10n ad0pted 1n [5, 15] a150 5uffer5 fr0m 
the fact 0f 1ack1n9 the0ret1ca1 0r exper1menta1 ver1f1cat10n. 50 here 
1n 0ur exper1ment, we u5e the 4-tup1e t0 try t0 91ve the reader5 a 
m0re 5y5temat1c and c0mprehen51ve v1ew 0f the perf0rmance. 1n 
each ta61e, c01umn A 5h0w5 the re5u1t 0f the ca5e when 5VM 15 
06ta1ned 6y tra1n1n9 0n1y 0n 1a6e1ed 5amp1e5, c01umn 8 5h0w5 the 
re5u1t u51n9 c0-updat1n9 appr0ach and c01umn C 5h0w5 the re5u1t 
when 5VM 15 06ta1ned 6y tra1n1n9 0n a11 the 5e1eeted 5amp1e5 (6y 
treat1n9 a11 0fthem a51a6e1ed 5amp1e5) 5. 1n the5e ta61e5, c01umn C 
5h0w5 that, 5VM c0rrect1y c1a551fy a11 the 5e1ected 5amp1e5 when 
a11 0f them are 6e1n9 u5ed f0r tra1n1n9. 1n 0ther w0rd5, the c105e 
te5t 0f 5VM 91ve5 perfect re5u1t5. 1t can 6e drawn fr0m the5e ta- 
61e5 that the c0-updat1n9 appr0ach ut1112e5 the un1a6e1ed 5amp1e5 t0 
1mpr0ve the 1earn1n9 perf0rmance 0n m05t c0unt5: 7he re5u1t5 0f 
c01umn 8 are 6etter than th05e 0f c01umn A 1n 7a61e 3, 7a61e 4 and 
7a61e 7 and the re5u1t 0f c01umn 8 15 the 5ame a5 that 0f c01umn A 
1n 7a61e 6. 7he re5u1t51n 7a61e 5 15 a 11tt1e 61t m1xed. Wh11e c01umn 
8 ha5 m0re c0rrect1y c1a551f1ed p051t1ve and ne9at1ve 5amp1e5 than 
c01umn A f0r expre5510n data, 1t ha5 few c0rrect1y c1a551f1ed ne9a- 
t1ve 5amp1e5 than c01umn A f0r phy109enet1c pr0f11e5. 7he rea50n 
may 6e that f0r c1a55 111, the re5u1t 0f phy109enet1c pr0f11e5 1n c01- 
umn A are much 6etter than the re5u1t 0f expre5510n data 1n c01umn 
A. 1n 0ther w0rd5, the 6a5e c1a551f1er fr0m 0ne data type are c0n- 
515tent1y 6etter than the 0ther, then the c0-updat1n9 appr0ach m19ht 
de9rade the perf0rmance f0r the m0da1 w1th a 6etter 6a5e c1a551f1er. 

4.3 Re5U1t5 0n Wh01e Data 5et  
We a150 d1d an0ther 5et 0f exper1ment5 0n the wh01e data 5et. 

1n the 5et 0f exper1ment5, we u5e a11 the data 5amp1e5. 51m11ar t0 
5ect10n 4.2, f0r the purp05e 0f 111u5trat1n9 the u5efu1ne55 0f 0ur 
c0-updat1n9 appr0ach, we u5e a60ut 50% 0f the 5e1ected 5amp1e5 
a5 1a6e1ed 5amp1e5 wh11e the rema1n1n9 are re9arded a5 un1a6e1ed. 
We 0n1y rep0rted 50me exper1ment5 here t0 5ave 5pace and they 
are 5h0wn 1n 7a61e 8 and 7a61e 9. 51m11ar re5u1t5 are 065erved f0r 
0ther exper1ment5 and they are ava11a61e fr0m 0ur we651te. Each 
e1ement 0f the re5u1t ta61e 15 a 4-tup1e (7P, 7N, FP, FN). 1n each 
ta61e, c01umn A 5h0w5 the re5u1t 0fthe ca5e when 5VM 15 06ta1ned 
6y tra1n1n9 0n1y 0n 1a6e1ed 5amp1e5, c01umn 8 5h0w5 the re5u1t 
u51n9 c0-updat1n9 appr0ach and c01umn C 5h0w5 the re5u1t when 
5VM 15 06ta1ned 6y tra1n1n9 0n a11 the 5amp1e5 (6y treat1n9 a11 the 
5amp1e5 a5 1a6e1ed 5amp1e5). 1t can 6e drawn fr0m the5e ta61e5 that 
the c0-updat1n9 appr0ach ut1112e the un1a6e1ed 5amp1e5 t0 1mpr0ve 
the 1earn1n9 perf0rmance. 

5. C 0 N C L U 5 1 0 N  A N D  D 1 5 C U 5 5 1 0 N  

57he te5t re5U1t 06ta1ned 1n th15 Ca5e 15 U5Ua11y Ca11ed the C105e te5t. 

C1a55 Name 75 P5 
C1a551 80 22 
C1a5511 360 173 
CLa55 111 100 32 
C1a55 1V 40 9 
C1a55 V 600 296 

N5 P5L P5U N5L N5U 
58 11 11 29 29 
187 86 87 94 93 
68 16 16 34 34 
31 5 4 16 15 

304 148 148 152 152 

7a61e 2: 7he d15tr16ut10n5 0f the 5amp1e5 u5ed w1th c0- 
updat1n9 appr0ach. A11 the entr1e5 are the num6er 0f 5am- 
p1e5, 75=t0ta1, P5----p051t1ve, N5=ne9at1ve, P5L----p051t1ve1y 1a- 
6e1ed, P5U=un1a6e1ed p051t1ve, N5L=ne9at1ve1y 1a6e1ed and 
N5U=un1a6e1ed ne9at1ve. 

Expre5510n 

A 

(18,58,4,0) (19,59,1,1) (22,58,0,0) 
Phy109eny (20,58,2,0) (21,58,1,0) (22,58,0,0) 

7a61e 3:Exper1menta1 re5u1t5 0f c1a55 1. F0r expre5510n data, 
c01umn 8 ha5 m0re c0rreet1y c1a551f1ed p051t1ve and ne9at1ve 
5amp1e5 than A. F0r phy109eny, c01umn 8 ha5 m0re c0rrect1y 
c1a551f1ed p051t1ve 5amp1e5 than A. 

A 8 C 
Expre5510n (172,176,1,11) (173,179,0,8) (173,187,0,0) 
Phy109eny (173,175,0,12) (173,177,0,10) (173,187,0,0) 

7a61e 4:Exper1menta1 re5u1t5 0f e1a55 11. F0r expre5510n data, 
e01umn 8 ha5 m0re c0rreet1y e1a551f1ed p051t1ve and ne9at1ve 
5amp1e5 than A. F0r phy109eny, c01umn 8 ha5 m0re e0rreet1y 
c1a551f1ed ne9at1ve 5amp1e5 than A. 

A 8 C 
Expre5510n (26,60,6,8) (27,64,5,4) (32,68,0,0) 
Phy109eny (29,67,3,1) (29,65,3,3) (32,68,0,0) 

7a61e 5:Exper1menta1 re5u1t5 0f c1a55 11L F0r expre5510n data, 
c01umn 8 ha5 m0re c0rrect1y c1a551f1ed p051t1ve and ne9at1ve 
5amp1e5 than A. F0r phy109eny, c01umn 8 ha5 few c0rrect1y 
c1a551f1ed ne9at1ve 5amp1e5 than A. 

A 8 C 
Expre5510n (9,66,0,5) (9,66,0,5) (9,71,0,0) 
Phy109eny (9,66,0,6) (9,66,0,6) (9,71,0,0) 

7a61e 6:Exper1menta1 re5u1t5 0f c1a55 1V. 7he re5u1t 0f c01umn 
8 and c01umn A are the 5ame. 

A 8 C 
Expre5510n (288,284,8,20) (289,286,7,18) (296,304,0,0) 
Phy109eny (281,286,15,18) (287,288,9,16) (296,304,0,0) 

7a61e 7:Exper1menta1 re5u1t5 0f c1a55 V. F0r expre5510n data, 
c01nmn 8 ha5 m0re c0rrect1y c1a551f1ed p051t1ve and ne9at1ve 
5amp1e5 than A. F0r phy109eny, c01umn 8 ha5 m0re c0rrect1y 
c1a551f1ed p051t1ve and ne9at1ve 5amp1e5 than A. 

A 8 C 
Expre5510n (13,2443,9,0) (13,2438,9,5) (12,2432,10,11) 
Phy109eny (13,2436,9,7) (13,2436,9,7) (12,2432,10,11) 

7a61e 8:Exper1menta1 re5u1t5 0f c1a55 1 0n wh01e data 5et. F0r 
expre5510n data, e01nmn 8 ha5 m0re c0rreet1y c1a551f1ed ne9- 
at1ve 5amp1e5 than A. F0r phy109eny, e01umn 8 ha5 the 5ame 
re5u1t a5 A. 

A 8 C 
Expre5510n (191,2144,105,25) (253,2154,43,15) (292,2163,4,6) 
Phy109eny (225,2136,71,33) (248,2149,48,20) (294,2168,2,1) 

7a61e 9:Exper1menta1 re5u1t5 0f c1a55 V 0n wh01e data 5et. F0r 
expre5510n data, c01umn 8 ha5 m0re c0rrect1y c1a551f1ed p051- 
t1ve and ne9at1ve 5amp1e5 than A. F0r phy109eny, c01umn 8 ha5 
m0re c0rrect1y c1a551f1ed p051t1ve and ne9at1ve 5amp1e5 than A. 
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1n th15 paper, we pre5ent a c0-updat1n9 appr0ach f0r 9ene func- 
t10na1 c1a551f1cat10n fr0m mu1t1p1e 1nf0rmat10n 50urce5. 7he c0- 
updat1n9 appr0ach tr1e5 t0 m1n1m12e the d15a9reement 6etween the 
1nd1v1dua1 m0de15 and make5 u5e 0f 60th 1a6e1ed and un1a6e1ed 
data. 7he c0-updat1n9 appr0ach c0u1d a150 6e app11ed t0 mu1t1- 
m0da1 1earn1n9 ta5k5 5uch a5 w0rd 1earn1n9 [ 18] and 06ject rec09- 
n1t10n [20] 51nce 5pat10-temp0ra1 and cr055 m0da1 c0herence 15 a 
p0werfu1 c0n5tra1nt 1n 5en50ry data 0f the phy51ca1 w0r1d. We 
c0u1d app1y the c0-updat1n9 appr0ach t0 ut1112e the appr0x1mate1y 
c0-1nc1dent 1nf0rmat10n 0f d1fferent m0da11t1e5 1n the5e ta5k5. 

0ur exper1ment5 rep0rted here 5u99e5t that c0-updat1n9 appr0ach 
c0u1d 6e a61e t0 ut1112e the un1a6e1ed data t0 1mpr0ve the c1a551f1ca- 
t10n perf0rmance. 1n the ca5e where 0ne data type ha5 a c0n515tent 
6etter 6a5e c1a551f1er than the 0ther data type, the c0-updat1n9 m19ht 
de9rade the perf0rmance 0f the data type w1th a 6etter c1a551f1er. 
50 the de51red 51tuat10n f0r c0-updat1n9 appr0ach 15 that d1fferent 
data type5 5h0u1d have appr0x1mate1y the 5ame pred1ct10n p0wer. 
7h15 1ndeed c0nf1rm5 the w1de1y u5ed a55umpt10n 1n mu1t1-m0da1 
re5earch. 0ur exper1ment5 a150 ver1fy that 5VM 15 the 5tate-0f-art 
5uperv15ed 1earn1n9 meth0d: 1t 91ve5 perfect c1a551f1cat10n re5u1t5 1n 
m05t 0f 0ur exper1ment5. 

7here are 5evera1 natura1 avenue5 f0r future re5earch. F1r5t, 0ne 
06v10u5 re5earch d1rect10n 15 t0 1nc1ude mu1t1p1e 6101091ca1 data 
type5 f0r 9ene funct10na1 c1a551f1cat10n and t0 extend the c0-updat1n9 
appr0ach t0 mu1t1p1e data 50urce5. 5ec0nd, many feature 5e1ect10n 
techn14ue5 c0u1d 6e 1nc0rp0rated 1nt0 c0-updat1n9 appr0ach. 7h1rd, 
a5 we ment10ned ear11er, there d0e5 n0t ex15t a 900d perf0rmance 
mea5ure f0r 9ene funct10na1 c1a551f1cat10n. 50 t0 c0me up w1th a 
the0ret1ca1 0r exper1menta1 ju5t1f1ed perf0rmance mea5ure 15 a150 
an 1mp0rtant ta5k. 
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