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Pattarika Na Pikul 2011: Semi-Supervised Learning for Protein Function Classification.
Master of Engineering (Computer Engineering), Major Field: Computer Engineering,
Department of Computer Engineering. Thesis Advisor: Associate Professor

Kitsana Waiyamai, Ph.D. 52 pages.

Protein function is one of active bioinformatics research topics. To predict protein function
with high accuracy, traditional classification techniques require large amount of labeled data for

training. Unfortunately, labeled data is very hard to obtain, while unlabeled data is abundant.

In this research, we develop a semi-supervised learning technique for protein function
classification. Pairwise alignment and Jaccard coefficient are used for composing data selection
criteria, while Square Correlation between objects in a cluster and selected data in each training
round is considered as stopping criterion for a self-training algorithm. Experimental results using
UniProtKB/Swiss-Prot which contains 17,407 labeled and 47,619 unlabeled protein sequences show
that our technique yields good performance on both training and test sets. Our proposed method
generate classifier with more accuracy, precision, recall and F-measure than which is using only
Jaccard coefficient for data selection and minimum mean square error as stopping criterion 0.3%,
1.00%, 2.83%, 1.91% respectively. In addition, the overlapping between prediction results on

unknown genes also demonstrates the effectiveness of the developed technique.
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1.4 MAZHUUINAITINGVIABIADYNTY (Alignment score)
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2. MINUTNBIVdYA (Data Mining)
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2.1 Data Classification

[
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(Ratanamahatana et al. 2005) A5M5IBINTIN (Graph Based Method)( Blum ez al., 2001)
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= 1 Y .. as =2 14 .. .
WNaeuUIINAU (Co-training)(Cohen et al., 2004) Llax71‘]5ﬂ13l’/jﬂﬁ’ﬂuﬂﬂﬂﬁu!’fN(Self—tralnlng)( Li
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22.1.1 Tueauuuiiyiy (Generative Model)
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(Mixture distribution) 54n13n3210AVOITOYAVUHTNTINT0A319 0 Tagededoyai 1
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a ) J [ o @ @ . .
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Ao EM (expected maximization), Fisher kernel A1M5UMS L?Elui} uu luderiio (discriminative

. Y A A I A a a 9 A
learning) YoRv01 Tuaauumnuyy HuTaaidauwsoesuiemsnavesdoya 1aa
2.2.1.2 35M351%9n51W (Graph-based Method)
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iWumsiSoud lagendelnssadedeyauuuniin doyavzgniny

' K ) Yy A ' A A
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Y
(Koji Tsuda et al., 2005) ﬁuﬁlﬂﬁi%ﬂsljmga protein interaction network 1n5ev18 1581 910
19 v & Y A Y
unasdoya (Data source) HAWAHAL B9z Taavens vl Musazns ez laun
1T 9 1 [ A v A 1 [ =¥ 1 A ld? " v
unasdoyanuazunas A9 4 dunensusazou wxlideyauiediui lidudenu

[l ) a 3 )
(Independent) ttaz YoyauadruamsniuuanAu a0/ 18 (Complementary part) 1

A Y o ' Y o A A S
v 11 eYaNNI MM ANFIsaI N a lninlaNuauysaind

@
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MW 5 1n3ev10T5Au nadeldan protein interaction network NFIUVDYAAN)

n: Koji Tsuda et al. (2005)
2.2.1.3 AFMIULIVTIUNANUHU MUY (Density-based Approach)
an 1 a A ] =\ a v Y 1
AN IUUIUTNUNANIHUIUY TauuAgIud idunisnala

uzegluusnuianunuinyeteyad A108199an83 NN 15U Transductive SVMs

(S3VM), Entropy Minimization Fludu
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o I'4
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A Chapelle et al. (2006)
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1o TP(True Positive) =$uiudredaimegnlunaiduin
g o o v ! a d
FP(False Positive) = $1udioganmenailuaaidudn
TN(True Negative) = 1147ua29819NMegn luaaiaal

. o @ 1 { a g
FN(True Negative) = $17uar9g19nmedai unaiaa



watazIa1al

Wa

1. MINAavg

A Aa a ) Y] =} A Y] 4 A

menaaeulszaninmvesdidmunilandu Tlsauieumsdsulyunuviniagen
9 J =) a v am A awv d,; 99 9
ToyauaznuNnMIngadou)TsuneunUITMIdU IV FTeyanIng oY

I 4 o a a @
UniportKB/Swissport [ udayanadeunazesnuuunmsnaasuiioialszansnimuedin
o A qu ¢ Ay A y Mo S A o
Sy lnasinsaenteyanuand13iy uondnudimnaasauneia
a a v o 4 4 Y=Y

Usganimmvesdaduuniiolfinaaimsvga MSE g3t ChangeRate MIiNAand

[ = @ A
LL'U\?!.‘]J‘L! 11 NITNAADY F1YALLDYAAINTITINN 3

L) 9y @ a o a 4
Gluﬂ’li‘ﬂﬂaﬂ\i ﬁ]gﬁﬂﬁ@umji]']l;i‘llﬂﬂjﬂ @aﬂ@iﬁn SVM MUUANITTUINDT Kernel =

Linear 1918113 LibSVM (Chih-Chung Chang, 2001)

15191 3 5198209ANTNARDY

m3Inaasai naEinIaendoya NI NYATON
1 Jaccard MSE
2 PSI-Blast MSE
3 Smith-Waterman MSE
4 MPScore MSE
5 MPMix MSE
6 Jaccard ChangeRate
7 PSI-Blast ChangeRate
8 Smith-Waterman ChangeRate
9 MPScore ChangeRate
10 MPMix ChangeRate

11 SVM -




31
2. HNAaNINAABY

2.1 Namimamﬁ’mmmmju (Accuracy)

A4 q9 ¢ A o 4 A 9 = ¢
e lrinuaNNIngAD ChangeRate tazllSuinasimsaonveyaijuuannsia,
a 4 o w ' o o ! 4
PSI-Blast, #15-7010051101, MPScore 112 MPMix A1&181U Wu1aaswuni ldnaainig
A 9 1 9 Y 1 1A 1 Y] [] ] [ A 1 VoA
dondoyauaazina aanuuduisananu lunmineaaaasmni 11 a1 AU
Y v o A4 9y 4 q9 4 A9 ¢ "o
TanndrdwuniiFeuiateaueuio Mnasimsdendeyausnnsa mny 84.70%,
MPScore 84.83% 11z MPMix 85.02% ganiuiierfieunuaismuniisouiuuuiidaon

=\

. . d‘ Y ] [ [ 1 d‘ Y v o A:; JY
(Supervised Learning) Wiﬁﬂ?ﬂ’ﬂmmu 84.72% Glum@na‘uﬂuﬂm”lﬂmﬂmmuuﬂmiﬂugmﬂ
4 o A 7 '
aupaiie IMnuainisiaendoya PSI-Blast 84.54% wazals-101A03 U 84.70% 1dA1A1m

[ Ao VoA =\ v o o A a 9 a9 )=} 14 A 9 4
HUU NONIUNBNIUNUAIVUUNNLTIUFHUVNNTDU mﬂmﬂmmmimaﬂmaaquaclunﬂmmm
A q9 < ¢ ' 7 A P . v '
Lllﬁ)ﬂl“]f ChangeRate Lﬂu!ﬂm"ﬂﬂﬁ‘l’ifgﬂWU’ﬂ InaMNNIaanvdya MPMix lemmgmu ’L:l(\i’q{é]

¢ Ay Yo
mmcnﬂmaaﬂmau”a PSI-Blast Sl'ﬂﬂWl'l’q@

A 9 o A @ o A 9 < P
weldinausimsvigafe MSE tagzdSunusimsidendeyailuuannisa, PSI-
a 4 o w 1 o o ~ 4
Blast, A15-201095 LU, MPScore tiag MPMix u&1d1 wuNndasuunildnasinsiden
1 L 1 ] d‘ 1 o [] @ [ d' 1 [} d‘
Joyauaazinmal Inanuudy duanariu liminuaasdenini 12 aanuuiv ala
v o A A Yy A 9 P A ] P4 1w
A muniseuiteaue el fnuainisdondoyauannsa NNy 84.72% ay
. 11 o o o A g 2y Ay Y v o A 9y
MPMix 84.72% liannudisumuniizeuiuunidaou min ldandswuniiGeuiaie
A 9 4 = 9 Y [ 1 1 a 4
auouiie IHnuminisdendoya MPScore 84.78% 1HaA1uLY gand dauaiis-101003
A o VA ~ v o o Aa 9 9
LU 84.75% 118z PSI-Blast 84.51% Hmdiniudeiisunudmdwuniizeuiuuuiidaou
~ 7 A P} S A qu I8 ' o A Y
Weunusmsaendoyalunninusiiio 1dinasinisvga MSE wulunausimsidondoya

MPScore 1WAy gage inasinsidendoya PSI-Blast 1va1d1ga



ket
&
& 85.0%
L
B0
=
]
4 84.8%
]
=
z 84.6%
&
=
g sdam
g
=
= 24.2%
=
<
g
g 24.0%
&

85,02%
34.80% 84.83%
B4.72% ) 84,70%
84.54%
Jaccard PRI-BLAST  Smuth Proposed  Proposed
~Waterman MP8core  MPMix
AVM 3WVM : Belf-Learning
Bupervised
Learning

MMethod

MW 11 wanmsnaassduaInuuaiy Taoliinaain1snga Change Rate

85.0%

84.58%

84.6%

a4, 4%

84.2%

84.0%

Accuracy (%) Stopping Criteria : MSE

34.72% 84.72%

84.67%

84.51%

84.75%

84.72%

Jaccard

WM
(Bupervised

Learning)

PRI-BLAST  3mith

Proposed  Proposed

SWaterman MPRcore

AWM (Belf-Learning)

Method

MPMix

4 ] 4
ﬂ"lWﬁ 12 Wﬁﬂ'lﬁﬂﬂﬁ’f]\iﬁ'l‘llﬂ'ﬂilllilu Iﬂﬂﬁlﬂm“ﬂﬂ’liﬁq@ MSE

32



33
9 [ J 1 4 09/’
Glmguummm‘ummmmiww MSE uag ChangeRate WUIUNUNNITHYAN

ang Y 1 A ' @ @ A 9 Ay ¥ 9 4
ﬁﬂqj'ﬁﬁlﬁwaﬂq'llll!llu NUANA NN ULTAIAININN 13 llu’liulléll@\jWaﬂllﬂﬂ1ﬂﬂ1iﬁl%!ﬂmcﬂﬂ1i

1 ] 1 4
1ga ChangeRate Glﬁlﬂ'lﬂ'ﬂllllllu qf]ﬂ'ﬂﬁlulﬂmcl’]ﬂ'ﬁﬂq@llﬂﬂ MSE

85.3%
M ChangeRate =
85,25 g
] MSE i
85.0% = % e
2 3 B %
-~ < & = e % = &
=0 BAAm -2 = =t N
[ ca
- = H =
P v o B o &
o XN o o
& 84T% T %
b Rl: ']
- =
= o
< B46% - &
ey
24.4%
84.3% o
84,1% -
Jaccard PRI-BLART Bmith Proposed Proposed
- aterman MP3core MPMix
Method

v 9
] @ J
anﬁ 13 lﬂgfJ‘]JLﬁﬂﬂNaﬂWﬁﬂﬂa@ﬂﬁ’]uﬂﬁ’]Mllﬂu M 2 INUNNTNYATOU

2.1.1 agwamsnaans ATuALLIY

9

e

a = ¥ ~ vy A g ~ P &~
L‘Vlf"lu'ﬂﬂ”liLiEJL!ELL‘U‘U!iﬂugﬂ’lﬂ@]ulﬂﬁﬂlﬂl‘!ﬂﬁLiﬂuglmﬂﬂﬂl] ﬁﬂuﬂl

~ Y

s
A a o 9 1 dg, =} v o o A a9
ﬂi$ﬁ‘ﬂ‘ﬁﬂTWGU’fNﬁ'JLH]ﬂ!LUﬂQWUﬂUWNLLNuq\‘]ﬂIHLﬂﬂUﬂU@?%TLLUﬂVILiﬂUELLUUﬂJQ

A
aou e

v
ad A

v A 1 [y 1 4 1 1 o @
ﬂiuﬁiuﬂmﬁaﬂ%ymﬁmmﬂmqﬂuwm*u,ﬂmvnﬂ”uszﬁaﬂ%’ay‘aﬁwamammLmummmm
o 4 A 9 ax o Y 1 a0 1 = 9
ULUN NAUNNITLADNUDYAIT MPMix ”lwmmmgmuqqqﬂLLaznmmmmnﬁvlﬂﬁaumay,a

9 a = Y a9 ogzl 4 I 1 ] Y
Tﬂﬂﬂl%mﬂuﬂmmﬂugzmuu@ﬁau UDNIINUUNAUNNITUYATDUNNHNAADANNLUNUUDIAT

v E4
SuunruReInu inusinIngagou MPMix Nauddetiiuaue Inannumiuganinis

MSE



34
v ~
2.2 WHaN1INAaoIIUANUINGS

A 9 o A o o A Y} I 7
maalmﬂmmmiwqma ChangeRate !Lﬁ$ﬂﬁ‘ULﬂﬂM’]ﬂ?ﬁlﬁﬂﬂﬂlﬂy‘mﬂulﬁ]ﬂﬂ"ﬁﬂ,
a 4 o w 1" v o { 4
PSI-Blast, #45-390103LNU, MPScore L1 MPMix ATUA1AU WU?W@?%TLLHﬂﬁi%&ﬂﬂl“ﬂﬂWﬁ
A 9 1 q Y1 A A 1 [ [} @ [ ~ 1 ~ ~
maﬂmay‘mmazmmmiwmmmmm ‘VILL@ﬂ@1\‘]ﬂ‘1!13J3J1ﬂ1Jﬂ!Lﬁﬂ\1ﬂQﬂ'lWT] 14 AANUNGI N
Y o o A A Y A 9 7 A ] s VW
"lﬂmﬂmmuuﬂmiﬂugmﬂﬁmmmahmmmmnaamamummm NNY 73.93%, PSI-
a 4 ¢; 1 4 1Y L) {
Blast 73.88%, al5-201A05 11U 73.08% Lag MPScore 74.093% A1 3o gunUA I U
~ ¥ Ay . . Aq Y ~ v w1 ARy o
Li&luguuuug‘aau (Superv1sed Learnlng)i/li‘ﬂﬂ?ﬂ’.)nlmﬂﬂ 74.18% °lmmnamumm"lmmm
° A A Yy A v o A Y LA Y1 A A
iﬂlluﬂ‘ﬂLiﬂugﬂi)t’lﬁulﬂ\?LiJ@Gl“]flﬂleﬂTimﬂﬂﬁllﬂﬂaJ,a MPMix A1® 74.93% lemmmmm ‘ﬂ’s:,f\‘l
A A v o o A a ] Ay ~ o A Y} s A q9
ﬂ’ﬂmﬁ)mfJ‘]Jﬂ‘]JG]’Ji]HLHﬂT]LiEJHELL“U“UNlﬂﬁﬁ]‘u mﬂmﬂmcnmimaﬂmay,aiunﬂmmmma%

I o ' o A Y} . Y A s
ChangeRate LﬂuLﬂmcﬂﬂWfJWQﬂWU’ﬂ Lﬂm“ﬂﬂWiLﬁﬂﬂﬂl@Hﬁ MPMix lemmmm ’LZ(\TQ(@] LNUN

) Y1 o
ﬂﬁ!a’ﬂﬂﬂj’ﬂy‘ﬁ PSI-Blast Sl'ﬂﬂWlTQ[@]

A v 7 A o o A ] < s
Lll@i‘ﬁlﬂﬂ!“ﬂﬂ?ﬁﬁt}ﬂﬂ@ MSE LLaﬁJﬁ‘]JLﬂﬂ!“V]ﬂTﬁLﬁﬂﬂ‘lJ'E)HﬁL‘]JU!Wﬂﬂ']ﬁ@, PSI-
a 4 o w ) 1 4
Blast, 7U5-39i0103LUU, MPScore 182 MPMix 21da1AU WU?W@?ﬁ]Wlluﬂﬁi%}Lﬂmmfﬂﬁlﬁﬂﬂ
9 1 9 Y 1 A A 1 v o A 1 A A 9 o o A
mauﬁmmazmmm%mmmmﬂﬂ NUANA NN UAINTINN 15 AANULNYN VIT@%Wﬂﬂ%ﬂLLHﬂVI
~ Yy A qu g A v % "o a
Lﬁﬂugﬂ’)ﬂ@]ul@ﬁm@i%mm“ﬂﬂTﬁLﬁﬂﬂﬂJ@MﬁﬁLWﬂﬂTﬁﬂ NN 73.93%, PSI-Blast 73.84%, dUT-
J c; 1 d‘ = 1Y v o d' =y 9 9
0D TLUNU 74.06% Lias MPScore 72.02% G]Tﬂ’ﬂmﬂl’ﬂﬂﬂﬂﬂﬁﬁﬂ?tluﬂﬂliﬂugllﬂﬂuEjﬁ@u
. . ~ Y ~ a VoA 9 ) Aa Yy
(Superv1sed Leamlng)ﬂiﬁﬂ?ﬂ??lﬂ‘ﬂﬂﬁ 74.18% Wmimmm”lmnnmmuunmsaugma
A 9 s A Y} LA v A A v A A v
ﬂmmma%mmmmiza@ﬂmw“a MPMix 71® 74.44% Gl‘ﬁﬂ?ﬂ'ﬂlll‘ﬂﬂﬁ ‘qu\iﬂ'ﬂmﬂwm‘llﬂ‘ﬂﬁ'l
° A a Y} Ay ~ s A v s A qu I~ 7
muuﬂmiﬂuggmumjﬁ@u m&mﬂmmmim@ﬂmﬂyja”lunﬂmmmma% MSE L‘].]u!ﬂﬂ!“l’lﬂTﬁ
' ¢ A v . 9 ~ s A ] 9
WQ@WU'N Lﬂm“ﬂﬂ”l'ilﬁﬂﬂall@l}!ﬁ MPMix Gl‘Viﬂ'NiJWIfN Z;NEIG] Lﬂﬂl“ﬂﬂWi!a@ﬂ‘Uf’JM‘lﬁ PSI-Blast 11’7

1o ] = @ A o J
mmqm%ummmmimﬂaammwuﬂiﬁ’mmmquﬂﬁa ChangeRate



x
& 75.0% 74.93%
B0 —
g
=
=
= 74.5%
=
£ 74.18%
b 18%
5 M 74.08%  74.09%
o0 — —
ER 7393% 73,380
5
=
7
=
s 73.5%
]
2
ks 73.0%
Jaccard PSI-BLAST  3muth Proposed  Proposed
“Waterman  MP3core MPMix
AVM AWM Belf-Learming
Bupervised
Learning

MMethod

MW 14 #anInaaoIaIuAINNNes Taelina9in151ga Change Rate

T4.6%

T4, 4%

T4.2%

T4.0%

T13.8%

T3.6%

T3.4%

Precision (%%) Stopping Criteria : MSE

74.44%
74.18%
74.06% 24.02%
73.93%
H 73.84%
Jaccard P3I-BLAST  Smith  Proposed Proposed
“Waterman MP3core  MPMix
AWM AWM (Belf-Learning)
(Bupervised
Learning)

Method

4 ' { 4
MW 15 WaMsNAapIATUAINUINGY TaeTiinmaiN1T1iga MSE

35



36
) @ 4 @ J
“lmguummm‘ummcvmﬁmm MSE ttag ChangeRate !ﬁﬂﬂﬂﬂlﬂﬂ!“ﬂﬂ'ﬁlaﬂﬂ

s A ¢ ' ¢ o
%ﬂyalmﬂﬂ’]ﬁﬂ, PSI-Blast, #UT-I09193LLUU, MPScore Lag MPMix NUIUNUNNITUYANN
axg Y A A ] ) 9 AN Y 9 J
ﬁﬂ\‘]"]'ﬁﬁlﬁwaﬂﬂ']ulﬂﬂ\‘] NUANANNU Llujiuum@\iWaﬂhlﬂfﬂ']ﬂﬂ'ﬁﬂlslﬂﬂﬂ!cﬂﬂ'ﬁﬂq@ ChangeRate

1 { 1 { 4 v @ o { 4 o {
Tiaanuies gani laemasdiofeunuiiduuni ldinasinsngauny MSE aanni 16

T5.3%

B ChangeRate

T5.0% [ M3E

74.93%

T47%

74.44%

T4.4%

T4.08%
T4.06%
74.09%
T4.02%

73.93%
73.93%

T41%

73.88%

Precicsion(%s)
73.54%

T3.8%

T3.5%

T3.2%

Jaccard PRI-BLART Bmith Proposed Proposed
-Waterman MP3core MPMix
Method

d' = = kY A :J} 4
MNN 16 1WTVNIVNANITNATDIATUANUNG N9 2 INUNNITHYA

22.1 agdwamsnaass AuaNuie

A ~ 9 ~ Yy A J ~ ] £ ay Y
L‘Vlﬂuﬂf‘l”lilﬁEJL!ELL‘U‘ULiﬂugﬂlﬂﬁulﬂﬂ“ﬂlﬂuﬂﬁliﬂuELL‘]J‘]JﬂﬁiJEJﬁ’OuﬂlW

UszaNTMNvoIAMaNUUNAIUANNE A1n N TasmasNe U U1 LN NG suS L]

U

9 A o A A 9 An A 1 Y] 1 4 A 9 = 1
Heaou ma‘ﬂamﬂumimaﬂm@:gmﬁwLmﬂmaﬂuwmuﬂm@nmmaﬂmagama@amm

wiudwesdrdwun lundsnnuies inusinisiendoyais MPMix l#a1auiies gaga
I 4 A ad a Aq ¥ 1 2 9 9 Aa ~ 9 =3
tazilunuimsaenIsaeIn lannnmsdnaeudeya lasldmatianisGeuiuuni
qg/} <] 1 ' ) 1 13 y
Aeou uanNIINIINUNNIHYATOUNTINAADAININUYBIAITIUNITUREINY 1HaANHID
da ot o o

7 ! 7 { aw
Wa"ll’é]\?!,ﬂﬂ‘l"ﬂﬂﬁ?‘iQﬂﬁ'ﬁ)ﬂ‘l/lll@l@ﬂ?ﬂ’ﬂllmﬂﬂ NWUIN Lﬂm"lﬂﬂﬁﬁﬂﬂﬁ’ﬂu ChangeRate ﬁ\‘ﬂu’mﬂ

dyo Y ~ 1 A A @ 4 A 9
ummuaiwmmmmm ’c:fﬂﬂ’ﬂ’)‘ﬁ MSE L‘JJ?)‘I/I@ﬁ’éJ“]Jﬂﬂnﬂlﬂmeﬂﬂﬁmﬂﬂ‘ﬂ’t}y‘a



37
9 =
2.3 HANMTNADNAIUIADA

A v g A o s A v < 7

Lﬂﬂalﬂlﬂﬂlcﬂﬂ']iﬂfgﬂﬂﬂ ChangeRate !Lﬁ$TJTULﬂle“V]ﬂ?ﬁlﬁﬂﬂﬂlﬂy‘mﬂullﬁ]ﬂﬂ"ﬁﬂ,

a 4 o w 1" v o { 4
PSI-Blast, #45-390103LNU, MPScore L1 MPMix ATUA1AU WU?Wﬂ?%TLLuﬂﬁi%mleﬂTi
A 9 ' q Y1 A A T W T o Y ~ 1A Ay v o
LﬁE]ﬂﬂl’ﬁ]?;ljﬁll@]ﬁ%&ﬂﬂl"ﬂiﬁﬂWiﬂﬁ]a NUANA WO UBDYWFALDUAINTINN 17 ANTADAR V]]lﬂ‘"l]"lﬂﬁj
° A A vy A qu 7 A Y s "V w
iﬂLL‘Llﬂ‘V]Liﬂuzﬂﬁﬂ@um\‘lLiJ@i"]ﬂﬂﬂ!“’ﬂﬂ"liLﬂE]ﬂle@yjﬁ!Lﬁ]ﬂfﬂiﬂ NNY 76.78%, PSI-Blast

a o I 1 4

76.68% , ANT-IVADILUNU 76.81%, MPScore 79.00% 46z MPMix 79.60% LIHUIUNUNNIT
A Y} sq Y1 A A v v o A ) Ay Hq Y1
lagnvayanninain lemqqmummauﬂ‘ummuuﬂmiﬂuggmuugﬁauﬂwmiﬂaa

¢ A g . Ut ¢ A9 Y
76.33% mmmm‘im’aﬂﬁuayja MPMix Elﬂiﬂ@a qqqﬂ Lﬂmmmim’aﬂﬁu’aya PSI-Blast Gh’iﬂ’l

° s A ] P
mqﬂuuiimmmmmamamayammmmwmam

4 Y 7 2 o % A Y] < %
Lﬂaﬂlﬁlﬂm“ﬂﬂ'ﬁﬂq@ﬂ@ MSE Llﬁgﬂiﬂmmcﬂﬂ'lilﬁ’f]ﬂ"l]'ﬂylalﬂu!lﬁ]ﬂﬂ'ﬁﬂ, PSI-
a 4 o w ) { 4
Blast, 7U5-1910193LLUU, MPScore ez MPMix A1dUa1al W'i.l'ﬂ@]')i]'ll;!ﬂﬂﬁi%mmcﬂﬂ'lﬁla’t’]ﬂ
9 1 9 Y 1 A A 1 @ v <3 Y o @ A 1A ~ 9
magatmaztﬂm“ﬂiﬁmiﬂaa WL!@ﬂ@TQﬂu@ﬂ’NLﬁullﬂ%ﬂllﬁﬂ\iﬂﬂﬂ']W“Vl 18 A1IADA ﬂulﬂ‘ﬂ']ﬂ
v o A a vy A qu s A v s "
'Jﬂ']LL‘LlﬂVI!iEJuEﬂ'lfJﬂu&@ﬂlmﬂiﬂﬂﬂm“ﬂﬂ’]ilaﬂﬂmﬂﬂ“a!Wﬂﬂ'ﬁﬂ INNY 76.77%, PSI-Blast
a o = ' 4
76.68% , AUT-IDIADILNU 76.84%, MPScore 79.00% Liag MPMix 79. 08% LU UIUNUNNT
A Y Sq Y T A A v o o A a 9 Ay Hq Y1 a
Lﬁﬂﬂﬂlﬂﬂuanﬂlﬂﬂ!m Gh/im’g;mﬂﬂm@mﬂ’uﬂimamuuﬂ‘ﬂL’iﬂugtmumjﬁﬂuﬂﬁmiﬂﬂa
~ s A v A qu I 1 s A
76.33% mfmLﬂmmmiza@ﬂﬂlay‘aiunﬂlﬂmmma%mm“ﬂmiwqﬂ MSE NUAUNUNNITLADN

9 . Y J = Y Y1 o
Up3ya MPMix 1¥15A0a g4 tNMNN151@0nUeya PSI-Blast 1¥iaA1d 140



a0.0%

2z

é 79.60%
o |
g 79.00%

g 79,0% -

T

=

o 18.0%

=0

=

=

z 77.0% 76.78%  gg cno. 76.81%

= 76.33%

= _‘

é 76.0%

Jaccard PRI-BLAZT  3mith Proposed  Proposed

“Waterman MP3core  MPMix

AVM AWM : Belf-Learming
Bupervised
Learning
Method

4 9 [ 4
MNN 17 HAMINAABIANUAIIADA TABTINUNNITHYA Change Rate

a0.0%

79.00%  T9.08%
79.0% — ]

T8.0%

77.0% 76.77% 6.6n0, 10-84%

Recall (%) Stopping Criteria : MSE

76.33%
T6.0%
T5.0%
T4.0%

Jaccard PRI-BLAZT  Smith Proposed  Proposed

“Waterman MP3core  MPMix

AWM AWM (Belf-Learning)
(Bupervised
Learning)
Method

4' 9 T A =\ 4
HMNN 18 NANITNATDINIUAITADA Iﬂﬂmﬂm“ﬂﬂﬁﬁqsﬁl MSE



39
) @ J @ J
GluigiJiJﬁ]\iﬁ"lﬁﬂJlﬂm“V]ﬂTiﬁQﬂ MSE ttag ChangeRate !ﬁﬂﬂﬂﬂlﬂﬂ!“ﬂﬂ'ﬁlaﬂﬂ

¢ A ¢ ' ¢ o
%ﬂyalmﬂfﬂﬁﬂ, PSI-Blast, @U5-19i01931LUU, MPScore (182 MPMix WU UNUNNITHYAN
axg Y = ~ 1 1 1Y o 9 Y 9 4
ﬁﬂ\‘]j'ﬁﬁh’iwaﬁﬂﬂa ﬂllﬂl!ﬁﬂﬂ']\iﬂuu']ﬂUﬂ llu’JIuaJle@\iWaﬂvlﬂﬂ']ﬂﬂ']ﬁclslflﬂﬂ!WIﬂ'ﬁwq@
Y1 (=} 9 = A = v o o A 9 4
ChangeRate Glﬁﬂ’]ﬁﬂ@a q¢ﬁ]'§’|lﬁﬂu@ﬂiﬂﬂlﬂaEllﬂJf]lﬂlelﬂ‘llﬂ’Jﬂ’]uuﬂﬂiﬂﬂﬂﬂl“ﬂﬂ15ﬁq@llﬂ'ﬂ

MSE UAAIAINING 19

81.5%
M ChangeRate b
=
20,5% - e
- s &
g/ sg &8
79.5% o oo =
- T8.5% .
S g8 2 R £ 3
= a2 OE 81 5o 0o oo
2] oms% | Z 3 © G 5
g [ A 4 L
M 765w
T5.5%
T4.5%
73.5% -
Jaccard PEI-BLASBT Bmuth Proposed Proposed
-Waterman MP3core MPMix
Method

d' = = 9 ~ qgj 4
MNN 19 1WSeuNeuNan1sNAaInILIADA N9 2INUNNITNEYA

9y =y
2.3.1 ﬁ?ﬂNﬁﬂﬁ‘ﬂﬂﬁ’Oﬂ ATUTADA

A ~ 9 ~ Yy A g ~ ] £ Ay Y
L‘VIﬂ‘Llﬂf‘l”lﬁLﬁEJL!ELL‘U‘ULiﬂugﬂ’lﬂﬁulﬂﬁﬂlﬂuﬂﬁliﬂugllﬂﬂﬂﬂuﬁjﬁ@uﬂlﬁ

I
=\

E4 v
Usza@ninmvesdanuundinea geliuisunuarswuniGeuiuouiidaou ey

]
ad A !

A lumsidendeyalsiuanaeiunuiunusimsiaendoyalnanenuiud1veIi)

o 4 A 9 an . Y1 A = ' = 9
VWUN NUNNITLADNUBDNYAIT MPMix bl?iﬂ”liﬂ’ﬂa qqqmmzumummwmsdﬂﬁaumauyaha

R1)

a q’j 4 I 1 1 o
1%&7]ﬂ1!ﬂﬂ15ﬁﬂuiuﬂﬂﬁﬁﬁ@u UONVINHUNAUNNITHIATOUNUNAADANIULNUUDIA?

U Q
2

o 1 (% 4 1 aov o 1 1 A
SuunReIny ueinsHgagey ChangeRate NOWIsihinaualinisnoa ganinis

3 9
MSE tanioy



40
v %
2.4 waminaaosmueuyes

A D} o A ) o A ] g s
o liinuyINIIHYAND ChangeRate taziliununnmsdonvoyailutannia,
a I'4 o w 1" o o H J
PSI-Blast, @/1i5-2019193 111, MPScore tiag MPMix u81¢1 wundaswunnlanasinig
A 9 1 q Y1 ¢ A 1 Y] @ ~ 1 ¢ 9
ondoyauaazinaa A ueuires Muana1nuINIAAIARINING 20 Atewmres 114
v o A A Yy A 9 e A 9 P4 Vo A
NEITMUNNTIUAIEA UL RN UNMS@oNTaYALIANSA 1NN 74.21%, A1IT-10
J 1 4 (% v o {
IND3IN 75.42%, MPScore 75.36% 1taz MPMix 76.11% ganduilorieunudisuuniisous
S Y ~Aq Y1 J v W VA Y o o A a Yy
suuiidaou Aldanewinres 74.14% lunnduiumi ldandswuniiGeuiareaios
A 9 P A 9 9 S Ao A A v @ o ~
o lsnumnnIsaenUaya PSI-Blast 74.21% lvauauires Ndinduiemeunudiduuni
~ Y ~Y ~ s A 9 s A 9 I s
Feuuuvigaoy Meunuyinsaentoya lunninasiilie 19 ChangeRate 1 unanmsviga
1 4 A 9 # Y 4 4 A Y Y
WU NUNMNT@DNTBYA MPMix 1WoWiuises gaga tnamin15iaenvyeiya PSI-Blast 11

fge

A 9 o A o o A 9 = s
e liinuyinsngans MSE uaziliunumninisaendayaiuiannisa, PSI-
a 4 o w 1" o o { 4
Blast, a15-29191935 31, MPScore 182 MPMix AN&191 wuNdsmunnldnasinisiden
9 1 9 Y 1 s A 1 o [ A 1 S A 9 Y
Poyauaazinua A teyes Auana i uIdaInanIng 21 aneviuises i 1anna,
° A a vy A P} o A ) s 'y A P
PuunNGuzAIsa U IHnuMMIIaaNIoyaINNMTA NN 74.20%, ANT-19INDT
v 4 [

LN 75.42% , MPScore 75.32%, 18 MPMix 75.61% iudiuiouiuds wuniiGeuiuuull

) s A D) . Y1 s e Y1 o
Ej?f’f)u Tﬂﬂlﬂﬂ!“ﬂﬂﬁlﬁ@ﬂ‘ui’)y‘ﬁ MPMix 1Wﬂ1L6WLNL°H@§ q\ii’!ﬂ nain PSI-Blast 11"??11@1’@(@



2z

5 70w
1

LI

=1

Z 6%
B 760%
1

Z

=

T 15.5%
2

2 150%
el

=

=

= 745
&

g  ra%
0

[

76.11%
T5.42% 75250
74.21%
74.14% 74.04%
—
Jaccard P3I-BLAST  Smith  Proposed Proposed
“Waterman MP3core  MPMix
AVM AWM : Belf-Learming
Bupervised
Learning

MMethod

Y Y J J 4
ﬂ1W‘ﬁ 20 Wﬁﬂ1iﬂﬂﬁﬂ\iﬂ1Uﬂ1L’0WLm"]§@§ Iﬂﬂﬁlﬂm“ﬂﬂﬁ‘ﬂq&] Change Rate

T6.0%

T5.5%

T5.0%

T4.5%

T4.0%

T13.5%

T73.0%

F-Measure (%) Stopping Criteria : MSE

Method

75.61%
P2AZ% gsap96
74.20%
74.14% 7 74.03%
Jaccard PRI-BLAST  Smith  Proposed Proposed
“Waterman MP8core  MPMix
WM AWM (Belf-Learning)
(Bupervised
Learning)

a Y ¢ - ¢
MNN 21 wamsnaaosuaeNiuwes Iﬂﬂlllﬂﬂ!"]/lﬂ"liﬁf;ﬂ MSE

41



42

A o = =} o 1 ) A 9 4
10NN 22 mslFeumeueWyes 3314')’]\‘]%’3%’]M1!ﬂ1/]16]5lﬂm"wﬂ’]ﬁﬁfa'ﬂ
4 ' o o ! 4 1
MSE LaZIna9in151ga ChangeRate WUN@d Ui 19inaisinsviga ChangeRate 1¥anoyl

J 1 4
LY 3 qamﬂummmmmqw MSE

T1.0%

M ChangeRate

TE.11%

75.61%

Th.5%
[ M2E

T6.0%

75.42%
75.42%
75.36%
75.32%

T5.5%

T5.0%

T4.5%

T4.21%
74.20%

F-Measure(%o)
74.04%
74.03%

T4.0%

T3.5%

T3.0%

T2.5%

Jaccard PRI-BLART Bmith Proposed Proposed

-Waterman MP3core MPMix

Method

9

d' = = Y Jd o 4
MnN 22 WSsumeunansnaaesn ueNres N9 2INUNNITNEYA

9 4
2.3.1 agilwamsnaaos MueWwIres

A ~ 9 ~ Yy A g ~ ] £ ay Y
L‘VIﬂ‘Llﬂﬂ”IﬁLﬁEJL!ELL‘U‘ULiﬂugﬂ’]ﬂ@]ulﬂﬂ“ﬂlﬂuﬂﬁliﬂuELL‘]J‘]JﬂﬁiJWfT’OuGlW

U

Aa A [ 9 4 zg =) v @ o Aa 9 =9 A
Uszansnnvosnuanuunaeniuyes ERUUMNIUNUAINUUNNETYIU UV VNN ADU LD

U

]
ad A !

v A o ' 4 1 1 ) @
Y5038 lumsidendoyait iuanaanunudunaainisiendoyalinanonuuius1ve i
o 4 A 9 ax . Y o = 1 =
ULUN NAUNNITLADNUDYAIT MPMix Tinnenyes qqqmmzmwmﬂmwmsvJﬂﬁ’au

9y 9y a ~ 9 = 9 3 4 IA ' 1
GU’E)lI“aIﬂﬂi%mﬂuﬂﬂﬁliﬂug!mﬂulﬂﬁi’)u UDNIINUUNUNNITUYATOUNNHNANDAINNLNU

v
A o

) 1 @ J . § aw 1 4
Gummmuuﬂmuu,ﬁﬂ’mu INUNNITHYATDU MPMix ﬁdwmﬂwmmuaiﬁ'mmﬂmwai N
1A @ 3 J J o
ﬂ’ﬂ’ﬁi MSE AqUUNUNNITNYA ChangeRate Lm%mm"ﬂﬂﬁlaﬂﬂ“ﬁ}@y’ﬁ MPMix mmuaﬁlu

Aav dsl Y A A 4 1 A A o
ﬂu’)%ﬂulﬁﬂ1ﬂi$ﬁﬂ‘ﬁﬂ1‘wL’E]“I/\Il,il!,“]ff)'i qammm‘ﬁﬂummﬂam



43
o o { A 4 4 4
2.5 s1ems Isauilanduinamsnaasunniuile ldinusimsdendoya

MPScore Ilag MPMix

A = s A 9 a A 9
INNITNAADI !1JE)ﬂi']ﬂa%!@EJ@W]HJW\?ﬂ“]fuﬂi%mﬂuﬂﬂWiLa@ﬂ‘U@ﬁalja MPScore
J a o 1 o Jd o A 4 a §
1Az MPMix wudunadaainanamnsoiueueilasdusa lagndeanudu anaun
0 1 A o Y Y = o o = o Yy 9
Ao lignae nie e lagnitos s1eaziBeavesiladdumanansaineldgndes

' Y 1
UV ULAAIAIATIN 4

=~ = o A 4 2 A > oy Ay
M3INNN 4 3']fJﬂ"I§T‘]_]ﬁﬂu%q\'iﬂcb'uﬂWaﬂ”lﬁﬂﬂﬁf]ﬂ!Wll“Uul‘ﬂﬂﬂﬂﬂﬂTi!ﬁﬂugllUUNfﬂﬁ@u

% Improve

Function IDS
MPScore MPMix

G0:0003252, GO:0003695, GO:0005250, GO:0005282, GO:0009218 100.00%
G0:0000162, GO:0003707, GO:0003809, GO:0003901, GO:0009890, ,
GO0:0010183, GO:0012966 12:30%
G0:0003466, GO:0005747, GO:0009246, GO:0016859 100.00%
G0:0003484, GO:0003488, GO:0003753, GO:0005335 100.00%
GO0:0003707 10.00%
G0:0003707, GO:0003901, GO:0004856, GO:0006187, GO:0009188, ;
G0:0009190, GO:0009595, GO:0020716, GO:0020741 A
G0:0003707, GO:0004856, GO:0009188, GO:0009595, GO:0009920,

100.00%
G0:0020716, GO:00020741
G0:0003809, GO:0013303, GO:0019265 100.00% 50.00%
GO0:0000775, GO:0005250, GO:0009219 2.63%
G0:0000775, GO:0005250, GO:0009219, GO:0009616 7.69%
G0:0002137, GO:0005919 13.16%
G0:0002207, GO:0013794 33.33%
G0:0002627, GO:0003755, GO:0004618, GO:0005889, GO:0005919 33.33%
G0:0000162, GO:0002136, GO:0005919 100.00%
G0:0003012, GO:0003014, GO:0003048, GO:0003707, GO:0004581 37.50%
G0:0002627, GO:0004618, GO:0005889, GO:0005919 12.50%
G0:0005303 100.00% 100.00%

G0:0003516, GO:0004906, GO:0009219 14.29%




44

~ = ' ' ~ = o '
ﬁﬂﬂNaﬂﬁ‘ﬂﬂaENLTJ?EJUWIEJ‘]Jﬂ1ﬂ’JnILL11‘L!,ﬂ’ﬂllWlEN,iﬂ@ﬁ LLE]%LB‘NLSJL%’E]? TEUIN
a ~ v £ Ay ~ vy a = ¥ Ay
mﬂuﬂﬂmsaugu‘uumfurda@uwumiaugmﬂmmmazmﬂuﬂmsgsﬂuguuuu@ﬁau1unﬂ

' a ~ P £ Ay ~ vy < a A v
N1INAADI ‘W‘]J’ﬂﬁ/lﬂuﬂﬂWiﬁfJuE!Lll‘]_lﬂ\‘llllﬂf’fﬁ]uuﬂﬁﬁﬂugﬂ?ﬂﬁulﬂﬂ!ﬂulﬂﬂuﬂ‘ﬂﬂﬂﬂiﬂ

'
a

a a v o =3 Y dgl 1 ] < a a
Uszansnmvosdrdmun Tsaudadsunuiu Tagn1wsan uaoga lsnaulszansaw
a ) A Yy 2 Vo ¢ Ay ¢ d'
YBUNAUANTFTHUFUVUGFTHUFAWAUBIVUBIAVINUNNITADNVDYAUAINVUNNTHYAN
A A A o o Y} a ~ 9 ~ vy
My enaanmMInaasInindoudIiuundoya lasmatinnsEsuiunuuiFougaie
~Aq ¥ 7 A ) s | as s D} A a
AUEIN I HNUNNITRONTDYALIANITA A PSI-Blast WUIITHIAMITA 1HU5zANTNN
=S 1 a 4 d’ a 1Y as o 1 9 =
An71 PSI-Blast tag aiis-10mo i ionnsanay lgismsmuiamanuadionas
Y 7 A 9 s ~ A ' ~ & =
1ad naMsdenvayatuuLInnIa Humsieuanumouvengy Tuivl Famsanu
1 I % v o J o 1
Wl Tufviduguanbug (feature) TumsinaeudIdunilenduuoTasAu ua PSI-Blast
Aa 4 I ~ o w [ = 1 19
wag als-r0wmesuuy umsmsudidueynsnvessnyse luaeTilsaussningioya
o & o A 9 ] s 3 P ' A
auiunanmsaonvoya laglsaamsa WunumMnmuzaund PSI-Blast 11y ai5-70

R GEIT

A =y =} 4 A 9 ad a 4 1T axt A
onfFeumennaannsaenUayaiIs PSI-Blast g TiU5-19MDTHUY WUIITANT-
4 Y o d’d 1 1 A A =S o W = a 4
JoosuNY TMHanM3uIenand taaINsmsunsIsmuoynsy Tlsau aiis-1owmos
A J =\ = . o Y a £ Ay ans

s Adlumsneansauny Global Alignment Hun 1y lumatianuuniligaeu Iagisinasay
Y A = I~ [ Y == = o w = ~
aroaues 1l Tuivilluguanyas 1daniisiMeunssswuoynsuTisauuuy PSI-Blast 0

< =
AUMIMeUASUDY Local Alignment

a AAq Y 7 A Y 7 7 A
Wmii’mNﬁﬂ1i1/]ﬂﬁ’é)\‘lﬂim‘1/16l"lﬂﬂm"I/1ﬂ1‘§La6ﬂﬂl@ﬂsljal,!,%ﬂﬂﬁﬂ LLAaZnNUNNIFLIaADN

A o ao dy 1w A J J
G?J}E]lluﬁ MPScore iLlag MPMix “l/]‘liﬂﬁ‘li'éﬂll\ﬂﬂ’)%EIHW‘]J’JWI’JL!Hmﬂi%mm‘VILL%ﬂﬂﬁﬂ ag

Y a A Y [ 1 4 A 9 . Y Aa A
MPScore THiszaninmlnamesny drunusinisaenioya MPMix 111l5zansninyes

%

o A dy A = v Aax o A a an o 1 A ax
ANV UNINUVUIUBINGUNUITHIANITA LUDWITTUIVINITNITATUIUATANUINUDUUDIIT
. 1 9 4 [ a & 4 a A 9
MPMixW131 FBNena1n MPScore Lo dullszansuannisa GlUﬂTiWﬁ]ﬁﬂ!%aﬂﬂ“U@ﬁ;ljﬁ
1 v 9 = 09.1} a o a = 4 ] Y Y Aa 1
LEAINAININARIBAAINT MPScore Laz I5auseansuannisa ¥alvveyaninanems

Y

o o Lo a A A g Y = 2 4
1/]11”81/\]\1ﬂ“lfu"l]ﬂ\iI‘]_I5@]1!@]ﬂla@ﬂLW?JLEU']N']ﬁffluﬂﬂﬁllﬂ%ljap\lﬂﬁ@ulwumu



A 4 4 ¢
T IWANITNAADINT AN IFINUAINTHYgA MSE 11azinm#in151ga ChangeRate
d' o Aawv dy LY d' 9 4 Y a A v o
nrinaue lunuideiinundmunnldinman ChangeRate THsz@nsmwvesdidwun
v A 1 Jd 'Q 1 a o w { 'cl
IndiAean 3T MSE uatnasiminganwassnanmianuranainfiaiaeunnendiga
o o ' 1 : IS . . o & J
Sududowisdoyadiuniaunlfiudoyansraniu (Validation Set) AuUNUNNITHEA
[ ) o o { I @
ChangeRate Hianummngaunumsasedasuunlusauiladdunldluindugudnyue
Ao v = Y ' e = 4 !
sazliswaudeyarnasuiiosuinniunmsinisvnga MSE 111311910891 ChangeRate 14

o & Y vy Y} A~ A gy W
iﬂLTJ‘L!GIENLL']N‘U@Haﬂﬂﬂﬂ1ﬂ1ﬂﬂl®3§‘a%1ﬂ§1ﬂﬂa1ﬁlW@1%Lﬂum@Hﬁ@]i]ﬁ]%1u

45



Y
agﬂuazﬁuamummz

agul

0 v o [T @
Yymmastweilandumsiinuves Tusduiuilymmmdnmedusiasauma
s . . Ao P P ' Y} Y @ o do o v 9
Aan3 (Bioinformatics) AMsAUANBE1INI919 Maadnaneilsidudmiudoya
4
ounsu TUsAu (Protein sequence) Tansatuenaie laooneitlseansnmiu azdoq
v 9 A I o & 9 dyd 1 U o @
o edoyafisMIwAaEA (Labeled Data) 1ilusuauunn sidoyailszinniiliogodiasiia
H ] 1A I 4 [ o
Tuwmzidoyadiulug i Wudeyanislinsiuaaid (Unlabeled Data) ¥ 19 lamwans
Y

o d' = d‘ d‘ 0911 A o Y a
mmmfl"lmwammmﬂmagamsmimﬂamuuummuuamﬂu”lﬂ

v
Y a =~ Y

a o 2 9 . . X 9oy
UD ﬂﬁmmﬂuﬂﬂmiﬂuggguuﬁqﬁwﬁau (Semi-Supervised Learning) 3J1!Lﬂﬂﬂlu1"f1

U

=

~ 9 A Ao 9 o 9 ' o =2
NIUVDYANNIIUANTUIIUIUUDY Tﬂﬂuﬁlﬂlﬂa‘ﬂ‘ﬂiT]JLLﬁZ%J“V]ﬁ"I‘]JﬂﬁWﬁiJ'WI"IﬂﬁPjﬂﬁ@u

v A

v
1 [ av o 4 [ Y]
sy lunueibinauonausimsaendeyaildansuzanuadienncuunadnyug Tu-
= J = = o w = 1 @ ~ < Ida
i uazmmimﬂ‘ummamua‘tgmﬂﬂmunmwﬂmaﬂymzmmTwwmgﬂmﬂmmwmﬁmw

1 4 3 a @ ! 1 o a a
“lumummmmmmmqﬂﬁauuu wNNTUINNEAsTIMsasuulasvesmaulseans

[ 1

avduiusideaes sznindoyalundazaarauazdoyangnidenluudazsouvesnis

Hndou nan1snaaeuugIUToYya UniProtkB/Swiss-Prot Wi 11/5z@nSnmuesdiiue

IS v

v Y
ﬂﬁ?ﬁlﬁi\leﬁi‘!ﬂﬂNmuﬂﬁWﬂﬂJ

g



47

ValaUBIUL

7 I o { o ' 4 o
1. INUNNTHYATOU ChangeRate 0101 Junmsimsngagounda lufneriiosninds
I g Y1 A o ' A A ~ Y} 2y =
Lﬂummmmiwmmmmm ANIUNAUAN SVM LLTJTJ“VIL‘]J‘LJﬂﬁL‘JEJ‘l!?JLL‘]J‘].I?JEjﬁ’@u@gmﬂu@ﬂ
o A a [ 4 4 [] [ { 1
msmmimammummﬁsmﬂmﬂmcnmiwqﬂﬁuq YU am51msm§ﬂuuﬂawmmmm

Y =3 I Y
AAeAad 1uau

s A Y o = ~ Y] 9 =< o Y Ay v
2. nammsdendeyariimsSeuiisudoyaludeyarndou fudeyan lins
& g = R D) ' @ ' Y Y o
RGRG “]Nﬂ]'f)i;ljﬁP\]ﬂﬁ@u‘]J'N@]'J‘lﬂ%']ﬂﬂ']ﬁﬁjiﬂlﬂgaklllﬂﬁT]Jﬂa']ﬁﬂ']\iﬁ’lfﬂ']ﬂiﬂﬂﬂﬂuﬁu']mnﬂﬂ
9 =8 a [ 0911 a dd’ 9 G a d‘a
mﬂgadﬂﬁ@utﬂu ﬂ\iuu@"mLﬂﬂﬂﬁmﬂm@ﬂlm@mﬂqmﬂgaP\lﬂﬁ'ﬂugﬂmﬂﬁlﬂﬂﬂﬂllﬂ[luﬂﬂﬂ'lﬂ‘ﬂWﬂ

A ~ o Y 1A D) Y = ' 9
LummﬂgﬂmummmﬂmayaiﬁwgﬂiummmﬂlumayaNﬂﬁauﬂlummaumﬂ

dy Jas 3} 9 a ] ' A a ~
3. minaaeslunuiiliitnaasshuudeyagaduudnalszaninmmasuy
A 9 =< Ao Y] YAy 9 9
NNMINAaed ilesnndeyarndeulisiuties o1 ldismsnageuanugndesuuudi
¥ v Y
(Cross Validation) 1o l¥inaniinaass laanuaudunau
4 A 9 4 A o Aaov dy o
4. asinsiaendoyauazinunmsngaiuaus lunuisetiamnsoily

Y
L LYY 1 %
Uszgnaldnuduaeulumsisouiuunmsinaeus iy (co-training) 18



1PNATIAZTID19949

oNT1 ANATIUUN. 2540, WuFAAASVOIUBAA. WNINNABINHATAIAAT, NTUNN.

v Aa a

% o o o @ a
WNTM o Aina uag ngualy lee. 2552. mynneilsnduvesTlsaulasordemaiinnms

a

~ v 2L Ay ) a v A d
Lﬁﬂuzllﬂﬂﬂ\‘]ﬂ@ﬁ@u, U. 540-546. ?‘Ll JMHANNHIIVINIIATUADNNIUADILAS

v

a A a v A
AFINTIHUHITIA ATIN 13. NTUNNA.

Anuj R. Shah, Christopher S. Oehmen and Bobbie-Jo Webb-Robertson. 2008. SVM-HUSTLE
— an iterative semi-supervised machine learning approach for pairwise protein remote

homology detection, pp. 783-790. In Bioinformatics.

Appel, R.D., A. Bairoch and D.F. Hochstrasser. 1994. A New Generation of Information
Retrieval Tools for Biologists : The Example of The EXPASY WWW Server. Trends

in biochemical sciences 19 (6): 258-260.

Apweiler, R., A. Bairoch, C.H. Wu, W.C. Barker, B. Boeckmann, S. Ferro, E. Gasteiger, H.
Huang, R. Lopez, M. Magrane, M.J. Martin, D.A. Natale, C. O’Donovan, N.
Redaschi 119 L.L. Yeh. 2004. UniProt: the Universal Protein knowledgebase.

Nucleic Acids Research 32: Database issue D115-D119.

Blum, A. and Mitchell, T. 1998. Combining labeled and unlabeled data with co-training, pp.
92-100. In Proc. of 11th annual Conf. on Computational learning theory Madison,

Wisconsin, United States

Chapelle, O., Scholkopf, B. and Zien, A. 2006. Semi-Supervised Learning. /n MIT Press.

Cambridge, MA.

Chih-Chung Chang and Chih-Jen Lin. 2001. LIBSVM : a library for support vector machines,

available source: http://www.csie.ntu.edu.tw/~cjlin/libsvm, 26 May 2011.



49
Cohen, 1., Cozman, F.G., Sebe, N., Cirelo, M.C. and Huang, T.S. 2004. Semisupervised
learning of classifiers: theory, algorithms and their application to human-computer
interaction,

pp. 1553-1567. In IEEE Trans. on Pattern Analysis and Machine Intelligence.

Fisher, R.A. 1915. Frequency distribution of the values of the correlation coefficient in samples

from an indefinitely large population. Biometrika 4: 91.

Han, J. and M. Kamber. 2000. Data Mining Concepts and Techniques. Morgan Kaufmann.

USA.

Huang, T.-M., Kecman, V. and Kopriva, [. 2006. Kernel Based Algorithms for Mining Huge

Data Sets. Springer-Verlag, Berlin, Heidelberg.

Koji Tsuda, Hyunjung Shin and Bernhard Scholkopf. 2005. Fast protein classification with

multiple networks. Bioinformatics 21(2): 59-65.

Lesk, Arthur M. 2004. Introduction to Protein science. OXFORD University Press Inc.

Li, M., Zhou and Z.-H. 2005. SETRED: self-training with editing, pp. 611-621. /n Proc. of 9th

Pacific-Asia Conf. on Knowledge Discovery and Data Mining (PAKDD'05).

Oliver Chapelle, J. Weston, and B. Scholkopf. 2003. Cluster kernels for semi-supervised

learning. NIPS 15.

Pang-Ning Tan, Michael Steinbach and Vipin Kumar. 2005. Introduction to Data Mining.

Pearson Addison-Wesley.

Prosite Database. 2007. Available Source: http://www.expasy.org, 26 May 2011.



50
Ratanamahatana, C.A. and Keogh, E. 2005. Using Relevance Feedback to Learn Both the
Distance Measure and the Query in Multimedia Databases, pp. 16-23. Iz 9th Int. Conf.

on Knowledge-Based & Intelligent Information & Engineering Systems.

Sean R. Eddy. Where did the BLOSUMSG62 alignment score matrix come from. 2004. Nature

Biotechnology 22: 1035.

Shahshahani, B.M. and Landgrebe, D.A. 1994. The Effect of unlabeled samples in reducing the
small sample size problem and mitigating the Hughes phenomenon, pp. 1087-1095. In

IEEE Trans on Geoscience and Remote Sensing.

Smith Temple F., Waterman Michael S. 1981. Identification of Common Molecular

Subsequences, pp. 195-197. In Journal of Molecular Biology.

UniProt Knowledgebase, UniProt Knowledgebase Release 12.4. Oct 23, 2007. Available

Source: http://www.expasy.ch, 24 Oct 2007.

Weber, I.T., D.B. McKay and T.A. Steitz. 1982. Two helix DNA binding motif of CAP found

in lac repressor and gal repressor. Nucleic Acids Research 10: 5085-5102.

Weston, J., C. Leslie, D. Zhou, A. Elisseeff and W. S. Noble. 2004. Semi-Supervised Protein
Classification using Cluster Kernels, pp. 595-602. /n Advances in Neural Information

Processing Systems.

Xiaojin Zhu. Semi-Supervised Learning Literature Survey. 2005. Computer Sciences.

University of Wisconsin-Madison.

Xinghua Lu, Chengxiang Zhai, Vanathi Gopalakrishnan and Bruce G Buchanan. 2004.
Automatic annotation of protein motif function with Gene Ontology terms. BMC

Bioinformatics. 5(1): 122.



51
Yiming Yang and Xin Liu. 1999. A re-examination of text categorization methods, pp. 42—49.
In SIGIR-99, 2nd ACM International Conference on Research and Development in

Information Retrieval.



sz amafany tazmsnau

¥o —umaAnNa

9 = = d' a

M weu 1 Mne
da

Fo1uNNA

Usziamsanmn

o ] 9 A %
GIWLL“I’T‘INWHTVIﬂWﬁQ'IU{Iﬁ]‘Q‘UH

d’ o U Y
ﬁmummmuﬂwuu
wmmﬁm'mmxzm’?a‘mﬁﬂﬂmi

= AN Yo
numsanen 185

UNAIANTM o WA

JUN 13 UNIIAY 2524

INIAFI518

2.0, Aengsy 1) auzdenssumans
PHINONRUNHATATAT (UL (W71, 2542)
Yy A =

AT IYMIANEI01) 1d

a o 4 4 o
VTHN e sonnuI5 (ﬂizmﬁ”lm) 109





