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Figure 1 An example of the partially labeled proteins
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y-(IWOGY , ' *3%!” OGY E y<(,-CX {L$, FF& £3+ |, .0 Uk F Fé 62« "N'#{<0,-CX, a17-
Done 1y 23] X<(1,-CX 17- 7A2 £6,. Le :5 8 AGY0L$ Q» , %EB y6AYaw 216@ N'#{ é2«<i
-CX,al7- . vF Eé# #N#¥I7-Y%"Z.<0,-CX, 17- CYuly4 *0/y*%rQ a 7Aa
JI7-N'#{é#  PILL. PILL * % 7AA4L$, r'Q5 “£3+v47A4, 63 YEy0/y7AaL$ £3+ 0
Gy *¥%l" OGYN °<(,-CX,’5jal7-7Aa , %5 8<(,-CX A E5N'#{". G 617-<0,-CX, ai7-

YaYa~Z T#<0,-CX,”a17-  .'f6<B é# XN  '5jal7- 7TAAE+0;]!"N 963<es 7AALS, rlQ5 ~
£3+, é C x+0OE3J,” wLc WN" "

J)IFLNE |, \- *0/y*%9A$ 8. °<0,-CXal7-N#{ é# dHG (novel protein func-
tion prediction using directed hybrid graph). dHG ,” k?+#q0;2; : (1) *%17- 7Aa5 ~ £3+ ¥u<({,-
CXA@E5+'FPOZ9A$'8. (2. 1 plj), .]'VZ82&€E)A0ZI7-7Aa F<Q,-CX ; (2) 5 8<0
-CX "9, 17- 7Aa ¥4<(,-CX A E £3+ XB .: Ey 7Aa{L$, Ece0+2)- , 07Aa><0,-CX {L$, Ece
0+32). ;(3) XB .:F>|Gy_@L¢ j$hC N'#{<0,-CX,” 17- . XG¥Iy9U ¥4 82«<(1,-CX :, TPY45 1>~
>: dHG =07-ON'#{". G 617-<(,-CX,” al7- , 6<D7-ON'#{17- ¥4~ Z. <0,-CX,” 17- .
W7-nitH%¥)a9é# . ;-6)B é# §f EI1*6 XE=O;F >|B 40 yF

2 O0A?G$ >4,.9=AxN%-

dHG k?++ai7- 7Aa{LS$, Ee0+2)-Ey % 9A$' 8.:, Gy _@L¢ j$hC TG 6~ @ , \82
BOAE X)9A$ 8.:, Gy _DL¢ j$hC 1CH F >|Gy&é yF , ¥%)17- TAA{LS$, Ece0+ 2)- E yF >|
04y .

21 ?G$>4@°H ebLA p$nC!

<0,-CX {L$FIE+ AE ¥4 @ JIy+O(™ 17; F EA E,’<0,-CX {L$ @ 70 Z<(,-CX A E5+ , 3
7-i0-(<,17- , 6<<0,-CX{L$, AE FJE=+ .F>|yF L 3% 62« é# >0 A+X
<0,-CXT7-N'#{] [1225.26] F2«é#FIholyZ<(,-CX f E.: 0Z782&é , Y2 X . :ATAN1C#
(271® P Y ) N'#{<0,-CX,” 17- . )™ [12], [26] Y4[27] X 71® P YE+0; ] E «17- 7Aa {L$,” £6,
£3+, Q IN#210 , VF Eé# X71®P Y, ’E+0;]é C*a" 917- 7Aa>0?1- ,'NpL™ T
{=F ZLNE , )" [10] *YO/y9AUE£3+. ,B .LEfI7-7Aa Y 67- A<(,-CX A E €5+ P
Y,B é#t<- Q J0E, 210 , V> F é#2«l N9, - Y+X17-7AaL$, rlQ5 ~ VY
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Y eROETNIXC 5% ¢ Z17-7AAX$'8.:  C+ N 7886:63 Y Y, c ROHN >7j
[7-7A4 ¢ XF E82&é: 63 VY , 'Ey2;
YF
v, — pY; 7 (5)
1-p)Yr;

464



]0- : YOo- 1\ 468§ 1\ 40

'] JYF I\ ¢ Zs3Pj 1, wj  0;YPeRN _ ¢ XN Z<0,-CX: 63 Y .9 Sppl(i,c) =1,
| YP@) =1/N, Sprlise), VI YP@i) = 0. 8 € (0,1) B3 o 7A282&6 ¥i<(,-CX82&6 {L$,” SGY. Y,
S@EOZLe$hC € ¢ X C+ N 782&6é:, M1 63

AE, <0,CX{L$, 7-i0i7- | 1"0Z<(,-CX, 17- OU>}AE<(,-CX, 17-F >N’
#2527 X9A$'8.Ey, *p: , Gy _@L¢ j$hC - 7 €é0; | (28]
C+N
FU@) = (1—7) Y W, ))FD () +7Y (i), (6)
j=1
'] L FW(i) e RO >[X1\ ¢tIQF J1\ i Z82&é:N'#{, 17- 7A4 6 3?)- AGY , Y (i) e RY >7j
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82&¢€ 7-"XJZ€828€ o 7-"XJZ(f828€ , <& _ 02Z828¢, (f828¢ Y4B 8288, !
It x828&€, . 1 Y? (10) ):F 828ELS$, £3+F >| yF .2f d9 0Z-$3+(faské ¢ &,
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C, ?)-kYj 1. ch(c) =] ¢ p9€ %828E,L68T 9TéM .0éeM _ ¢ 5[ ¢, Itx
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3 755 6[_  KroganPPI[3% ScPPI Y4 HumanPPI, !]} 2 Z $A %G¥ly9u, 1\ 9 Z «$A ¥4 62« .
KroganPPI 5¢5 ]<0,-CX {L$,” AE MeDsGy 1 I . ScPPI % HumanPPI wj=b s,’5¢5 ,
9 TZ<0,-CX{L$"X(™6OA , 13 {LS$, sGy] 1, VIj 0. FTZ55 6[p  BioGridY ;

1) http://thebiogrid.org/.
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Table 1 Dataset statistics

Dataset N (number of proteins) C(number of functions) Avg+Std?)
KroganPPI 2670 564 15.214+10.51
ScPPI 5700 794 12.93+10.02
HumanPPI 19703 2649 44.684+58.16

a) AvgtStd ) Aly Z<(,-CX,” Ewi7-Z Y)A & (Avg+Std is the average number of functions per protein

and the standard deviation)

E-9¢C, ;E- O]  2015-01-15, !|] ScPPI +aG¥!ly9u A 5+, OWFFJ€5 @ . \-p GO Eé
5¢1 2 6[;E- ( O 2015-01-15) G¥ly9li ¥4 82«<0,-CX [7-7Aa zA | IF9+X!] +O(™E=0; (bio-
logical process) 17- . 17-7A4 ZA]"X0EARZZ W] IEA (inferred from electronic annotation)
JI7-7Aa , jJF YURN# , L'F El7-7Aa . 17-7Aa ZA8 Ef<0,-CXf} ., 0462A
O17-7Aa , Y+XTrue Path Rule 20|, °F E17- 7Aa, (fly 4/1 x82&€ ) A, I7-« 7# "B <

~CX: . <0,-CX, 17-7Aa63=w>" | f ZIi7-7Aa0 X% Z<(,-CX:&B 17-!=7-X$ "

PY#{* |, )+O(™—-DO!?2y!l=W B I"\.E+% LtZ, <0,-CX Gy A¥% 10, 17-7Aa , +a
% HumanPPI ], 17-L68 W |, IPY]E+% 1LtZ,<0,-CX GyA¥% 30, 17-7Aa . 2«1 | &t
i82&¢& G0:0008150 (+O(™E=Q;) A, 17-7Aa . 04 +X,” 7ZL65 AN 6 &4 2>~ 1 plj , ScPPI
j» , 15[ 5700 Z<0(,-CX, F E<0,-CX jAN>0U794 Z=<17-7Aa7# ,1y0Z<(0-CXE£w 9
1293 Z17-7Aa . p>" 1] )a ,FE Z7ZL6]<0,-CX, 17-7Aa!l=w0 , T _0E<0,-CX

[ 17-7Aa YESB 46 6< 7# YE3J, 17- ,6< FOE<Q,-CX, 17-7Aa YE32C+e , 6>U7#

TAGY, i7- ,F «yP 1<0,-CX17-7A4 YE PF Ole>eu¥%’

3.2 ["1i# AG-0O

jI6A"E3  dHG 1C#, W7-, \-° dHG > TPR [ MLR-GL '8, FCML 2, ProDM [20],
PILL 24 Y, -Lu W?06 Q<0,-CX [7-N"#{A0#{404+ @€, *6 é#  Naivell F>|"E3 . !] ,TPRJ,)
Iy Z17- TAAAYA0 0 Z Y4 62«~ | Y Y+X 7AALS, r'Q5 “£3+B3 Y4 n8F Ev462«",5 | . b
6<N'#{<(,-CX,” I7- . FCML X Green - |E«I7-7Aa{L$, £6, £3+N#{<(,-CX |7- , \CX _
0/y * ¥ J TAA —, <(,-CX 17-N"#{ é# , YaTPR 0g"N 9(© [63<+<(,-CX8 DU 17- 7A4,” = ¥4
o W. Naive * ¥ 17- 7Aa4 X<0,-CXL6 8 :,"NA)-N"#{<0,-CX,” 17- Mo vy 1c# "X-(£ E
]STB4604y . F E)"1C#, 0 Ai520'—T0Aé -] E, | F*Ab,"93 $F >|Ai5Z . \-FJ
E+ XAY46 7L6: 5 Gy O UPYAfR HKHG ,” 0 a, B Yay (93] 0.18#0.9, 1K j 0.1), Odg
ABZ| a=0.1,3=0.9 Yay=0.1.

- 3" X INY<0,-CXT7-N"#{A0 ' 6 | 4] F EGIp=<éM>GYyN#IC#H, W7- , =<
SN#ACH X=<A0"'61;W7-e=m-(< . j15,8A6"'W7- | F9+X,’A6'OGY6[] MacroF1,
AvgROC, RankLoss, Coverage, AUC Y Fmaz. F 6 ZAd ' OGY h>U+X %A0"'J 7A4 — « ¥4<(1,-CX |
7-N#, W7- , ']} 4 ZJ7Aa-+0Gy, Ey o?f )" [11]. AvgROC J,)y2« 17- 7TAA6 [
AN1C X =<L81;,-OLc W)- YawLc W)- 15 f) A/ ROC(receiver operating characteristic curve)
"4i | 'f>AN1ICIy2« 7Aa) A ROC "4i;, M0 , 0>ANICF E"4i;M0, wl , 6B wlE jAd

2) http://geneontology.org/.
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61 . > AwROC =<, \-G++X,” AUC O x )y Z<0,-CX 17- TAaN'#{ AGy ], s3P p W8# ?

A¢ > XxflyZ<(,-CX:N#, 17-Z p 1 18# ¢, <& ,ANICF E<{(,-CX:)A, -OLc W
)- Yawlc W)- ; 0>, AN1C-OLc W)-YawLc W)-) A"4i; M0 | I"'M'0 W ?A8 " J 7Aa 62«,”
W7- AUC 8§ fEy 0?f )" [18]. FPmaz _ -Lu W?6 Q<0,-CX 17-N"#{Ad#{4064+ @IE, 'AD ' 6

I 11 EY]

2 x p(t) x r(t)
p(t) +r(t)
1 L te(0,1] _L81 ,m(t) L81j ¢ &...2Z<0,-CX,N#{i7-7A2?)- AGy]8#A90Z s3P W %
t,<0,-CXKk ,p(t) = D ptim(t) _ X m(t) Z<0,-CX: £WN#0.2)- , r(t) = SN, ri(t)/N
_X N Z<(0,CX: Ew ) ,pi(t) j1\ 4 Z<Q,-CX:17- TAAN'#{,” 6.2)- cri(t) YA
). . RankLoss Ya Coverage ,” IC° 2>7/jN"#{,”21 OC°Q . ] 1088W | 1PY] 1-RankLoss
| RankLoss, Coverage , IFJhW % 1, u=E2«14*6 . F E6|p =<, éMA#<0,-CX17-N’
#"W7- , 0Z1C# LiXp9OGY :MCUE+ 0Z1C#

Fmazr = max ,
t

3.3 No#e (.G <073= 3Cr° & 073

\ 282 k?+#{B 1C# N'#{". G 617-<0,-CX a17-,” W7- . +a %GO Yli7-7Aa 2ZA; 15
$a, "N9a@, 7ZLo +X % OPYIC#N#{". G 617-<0,-CX al7-,” W7- . \-wEf)<a
~CX, 17-7Aa Y _Yan/ , )y Z<0,-CX". 17-7A4, Q5 ~ . ,L¢ jLAY . ] & €82&¢é
YA T7- ) . IMZ & €828&¢, €828¢ ) A, 17-"G >ULA}y > ,B8%&ée jOZ&EBELE )
A, 17-« >OLAy | F ELAy, 17-j<0,-CX,” a17- ,SU+X sAD 'ICH >~ A17-7TAQ, WT7- . |
éi>"j , IPY%]+X m >7j0Z<0,-CX5ja7Aa,” Gy , »2 m=3>>B<0,-CX9 3 Z17->ULA
.y (F5ja ). 2102Z<0,-CX,” 17-7Aa =Ca m, =J6!p9, TAALA)y ,6<_ Af8#A90Z
17-7A4 . 7L6]190°?G 6<0,-CX, 17-7Aa ¥4~ Z. , ] 1<0,-CXAE5.,5  ,F E<Q,-
CX +%0 % 1PY4] v=XF E<0,-CX :LA;y 7TAa Vi#{B 1C# W7-

*¥,:F IPYAISZ | XIPY%]6 N Z<(,-CX <& E JAY46L6 Yu#{B Lo, J, )y Z<(,-CXL¢, LAY
m Z17-7Aa . jTVAL:j 3P, iy , Xy Z 7L6:J,)y Z1C# Gy = 15 1Q) 00L¢, j1PY: | !
Ad..lYZ)'IC# X5 E m ;" 15IQEW5 1 .> 2~4 6[5 *F EIC# X  KroganPPI, ScPPI Y
HumanPPI :, P51 51 wl + é (avgtstd) ) '?>Tj . >T] | >TjICC? [ 1CHE, W
7-C°Q . >"1D2C,’5 I>"> ! XG}) oPY4 (95% 52 O ) ImtH¥%! 51 , F>0H5 1{L$

nIW 2 . HumanPPI ZL6E3W , MLR-GL Y% Naive ,N'#{2)-MZh/é*“ | 83A06'OGYy Fmazx
Yo AUC XB 72L6:MZh6G& , !> 4]Z5 MLR-GL Y Naive X HumanPPI :,’5 |

b3 2z> 20 ° dHG X5 WJ 64&G-7-9¢ CE3! )'1C# $-,5 1 . X32Z %
L6:," 54 /y)" IP¥] , dHG , 5 10-$H%  PILL, ProDM, MLR-GL, TPR ¥4 Naive. dHG Y
FCML X T/y)" 1P¥19¢ C -(1," O H5 | , X)) 1PY] dHG WCUE+ >65 +a ¥%ProDM
Y4 FCML Y+X 17-7Aa{L$, "d££3+ ,PILL 5,8 Y+X T17-7Aa{L$, rlQ5 “£3+V'"d£ £
3+ 3 wO¢ C B3 *4i é# Naive $-'5 1 ,F>">6ICt3%I17-7A4, 'NA). Y # 6.ZN#{
<0,-CX,”al7- . XF 3 Zé# f] ,PILL 9¢C YE® ProDM % FCML $-'51 ,FB$>17-7Aa
{L$, rlQ5 ~ £3+ X<0,-CX 17-N"#{ |8# £Gy?+ . v PILL X, JA6'OGY: 5 iw>0 dHG n
FWCHE+(©[_A0'OGY MacroF1. k?+1 _ MacroF1 1C# X462AO17-: W7-jyE3W |
PILL XN °<0,-CXa17-,E+0;]!"N 963<s [7- 7TAa {L$, r'Q5 ~£3+ , 6C°0E2C2A 0/
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>72 KroganPPI @ (.G <073=3C"°a O73N°#5 O

Table 2 Results of novel function prediction for partially annotated proteins on KroganPPI

Metric dHG PILL ProDM FCML MLR-GL TPR Naive
95.16 £ 0.10 93.274+0.03 83.28+0.10 92.79+0.15 17.534+0.11 26.701+0.14 2.97+0.05
MacroF'1 3 86.53+0.15 83.4440.18 74.46+0.46 81.99+0.32 17.26+0.24 24.81+0.13 2.9540.01
5 77.75+0.25 74.81+£0.34 65.061+0.27 71.9240.57 16.8040.32 22.701+0.24 2.94+0.01
1 99.61+£0.03 99.45+0.04 97.10+0.01 99.42+0.05 50.27+0.20 63.59+0.02 49.0840.00
AvgROC 3 98.38+0.07 98.1240.07 95.65+0.04 98.12+0.07 50.83+0.20 62.25+0.06 49.08+0.00
5 96.72+0.08 96.43+0.06 93.78+0.09 96.48+0.07 51.31+0.51 60.93+0.15 49.08+0.00
1 99.74+0.02 99.484+0.04 96.281+0.04 98.39+0.05 32.39+0.27 38.39+0.05 84.04+0.02
1-RankLoss 3 98.92+0.06 98.00+0.11 95.95+0.02 95.64+0.07 31.99+0.37 35.86+0.04 83.51+£0.04
5 97.90+0.10 96.3240.10 93.07+0.08 93.39+0.15 30.70+0.42 33.06+£0.05 82.90+0.04
1 99.28+£0.00 99.16+0.01 98.10+0.00 98.66+0.03 51.18+0.25 73.761+0.02 83.75+0.01
AUC 3 98.79+0.03 98.3940.04 97.36+0.02 97.09+0.04 51.33+0.35 72.871+0.04 83.52+0.01
5 98.05+0.05 97.33£0.04 96.391+0.03 95.42+0.07 51.16+0.19 71.81+0.03 83.19+0.02
1 95.01+£0.04 93.56+0.04 82.62+0.01 90.41+£1.30 21.68+3.65 39.15+0.04 39.03+0.00
Fmax 3 86.54+0.10 85.06+£0.04 73.87+0.06 79.87+3.83 24.40+2.43 37.94+0.08 39.03+0.00
5 78.61+0.18 76.9440.02 66.28+0.05 63.40+14.86 22.98+1.40 36.44+0.08 38.76+0.15
1 27.494+0.30 36.95+1.14 60.411+0.24 77.57+2.67 532.21+1.22 426.35+£0.81 353.70+£0.82
Coveragel 3 5861+234 79.70+2.74 100.65+1.44 157.884+3.04 540.904+1.33 454.46+0.79 379.70+0.35
5 9528 £3.58 125.69+2.60 143.284+3.01 214.93+3.11 543.444+1.61 479.97+1.26 384.96+2.14
[7- 7AAN" " j<0,-CX ai7- . 6<dHG X<0,-CX & 17-N#{, E+0; |63<s { i7- 7Aa {L$, r'Q5

“£3+ N, al7-Flh _B<0(,-CX"917- 7Aa8286,” €82&¢ , €82&eYF [ 17-2A0 %46 . p
Ad ' OGY Coverage ,'5 1 . , j929-<0,-CX,” ¥4ai7-7AaL6 8  , dHG XI7- TAAN'#{ AGY :
JEw ®K O?%! ) 1CH F)'5 1AA> T\ * 9A$ 8. X<(,-CX al7-N#{
1 9XW
MLR-GL,’5 I n/j IN'#{ W7- 040 ~ % dHG, PILL, ProDM % FCML, 7-"1 _

G++X,/4000+¢, Y4y AA ¢ o a, 11+ | =F2IF [y 7AAL$ " X rlQ5 ~ £3+,"<(,-CX 17-N"#{L NE

0zi _ MLR-GL *%". G 6 7A4,AY46 g\N'#{ Y~ Z7# g\, 7Aa L VZEH )"
G 67Aag\/ a7AaN'#{ . TPR Y+XT17Aa{L$, riQ5 "£3+ , vXG 6A0'OGYy:~%
é# |, 1 k?+ B é#LA? WAM+X %AY406, <0,-CX, 17-7TAa_Van/ . 1*3%F ElLu:17-
=Yyn 7# ,'<0,-CX , jWIY17- TAAAY460Z Y4 62«~ | Y Y+X 7TAALS$, rlQ5 “£3+B3 01408
FEY62«™/51 . I" TPR XJ,)%62«, A0'OGYy AvgROC :9¢ C JE® Naive -/51 . v
TPR XAO'OGY 1-RankLoss :K_~%a 1-RankLoss *-7-00.2A ¢ @) 17- 7TAa
, 62«” [ B<Flye-l"-< Naive 08%.

MLR-GL

Naive

Naive, | _

3.4 Noge O73A 7 =#= 3C 2 O73

\-FF>|1 046 1PY,+8PY, dHG Y4! )" é# N#{ Y%~ Z 7#<0,-CX a17- W7- 1
PYi]L¢ JFO  80% <0,-CX (E JAY4AOLO ™ ; 20% E B LO . > }M, IPYAISZ2« | | )AY46LS, Yy
Z<0,-CXL¢ LAYy m =3 Z17-7Aa |, Y% *%F E>ULAYG 6 17- 7A4, <0,-CXN #{#{B L6 ]<Q,-
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>73 ScPPI @ (.G <073= 3C"° & O73N#5 O

Table 3 Results of novel function prediction for partially annotated proteins on ScPPI

Metric m dHG PILL ProDM FCML MLR-GL TPR Naive
1 9451+0.04 92.724+0.12 82.85+0.09 91.02+0.11 8.361+0.31 26.39+0.17 1.86+0.05
MacroF1 3 85.10+£0.14 81.25+0.18 72.68+0.14 80.20+0.15  8.54+0.15  24.26+0.19  1.8740.07
5 75.69+029 70.6840.34 62.37+0.21 69.03£0.26 8.724+0.32 21.70£0.19 1.86+0.03
1 99.66+0.01 99.44+0.03 98.40+0.03 99.56+0.02 50.844+0.39  69.65+0.04 43.05+0.00
AvgROC 3 98.60+0.04 98.08£0.08 97.03£0.04 98.57+0.04 50.90+0.45 67.46+0.13 43.05£0.00
5 97.03+0.12 96.07+£0.10 95.124+0.15 97.09+0.09 50.33£0.63  65.31+£0.09  43.05+0.00
1 99.78+0.01 99.48+0.04 98.52+0.01 98.25+£0.08 44.77+0.76  40.174+0.03  85.8140.02
1-RankLoss 3 98.73+0.25 97.84+0.08 96.79+0.10 95.20+0.05 43.264+0.43 37.70£0.08 84.86+0.02
5 97.794+0.28 96.14+0.12 95.60£0.03 93.01+0.08 39.50+0.86 35.174+0.04 84.37+0.02
1 99.50+0.00 99.37£0.01 99.37+£0.00 98.83+0.03 46.95+0.84 77.72+0.01  85.41£0.00
AUC 3 99.02+0.06 98.57+0.03 98.36+0.01 97.224+0.03 45.13£0.40 76.79£0.03  85.11+0.01
5 98.39+0.07 97.48+0.05 97.82+0.02 95.594+0.02 42.33£0.55 75.73+£0.03  84.80+0.02
1 94.55+0.04 93.76+0.02 83.51+0.01 90.24£0.08 15.36£1.01 38.39+0.06  37.034+0.00
Fmazx 3 85.08+0.10 83.75+0.03 73.10+0.02 80.414+0.06 14.07£1.47 37.30+£0.10 37.03+0.00
5 77.36+0.09 74.85+0.06 64.82+0.14 72.474+0.07 12.57£0.76 35.76+£0.06  36.74%£0.00

1 26.19+043 40.39+1.14 67.45+1.34 93.19+2.75 744.75+3.61 588.31+£1.55 448.04+0.94
Coverage | 3 67.85+7.32 100.04£1.37 105.04+0.96 209.63£3.11 758.26+2.59 626.16+1.20 480.93£0.98
5 113.13+8.15 166.36+£3.02 163.94+3.03 291.82£1.37 767.56£3.31 652.24+1.31 497.70+1.06

CX, al7- |, 1oN'#{5 I>#{B L6 ]<0,-CX" 9, 17- 7Aa E" E3 , A0 'ICH# W7-. > 5~7 G* 1
Iy Z)'1C# X  KroganPPI, ScPPI ¥ HumanPPI : 15 !Q) 00Gy =1P%, £w5 1 . >}0 28?2/
I 2«1 ,> 7125 MLR-GL ¥ Naive X HumanPPI :5 |

bF E5 1 -;* dHG Y4 PILL k7-9¢ CE3! )'1C# $-,5 1 .dHG Y4PILL X0E
Ad ' OGY :7- 09¢ C-(I,” W7-A6 5 1 , VXO0EOGY:89=<,/51 . k?£1T X% PILL N
YV al7-7Aa2A OE2C |, VOOE,  wLcWN * | vF E2C2A O 17-Lt Z,'<0,-CX -E3J , X<0
~-CX A E5e:, 71® P YE=+0; F@$@>U | <0,-CX, <2« 7-7Aa iy , p6<L}~fwLc WN" " )N’
#HW7- iy . >-("  ,dHG N, 17-7Aa2A OE346 | F E462A O17- 7AaLt Z,'<0,-CXE3 A | X
71® P Y, E+0; ]>UWGY, 2C2A 0 17-jy , 462A O 17-'N'#{?)- "L} ~ ,F6<iy04s, N#¥
210. dHG X HumanPPI 515 WG 6H¥%  PILL, | B 7L6],<0,-CX GYE3J ,)?

(10) ],N"“-()E3 6.2

TPR XN'#".G 617-<0,-CX,” a17-, 1P¥] , XAd' OGY AvgROC Y4 Fmaz |
9¢ CE3 ProDM ¥4MLR-GL $-'51 , 1 X% TPR X)¥%~Z7#<0,-CX,” a17-N#{E+0; ]
Y+X 17- 7A4LS,” r'Q5 “~ £3+B3 0 § 048, N'#{ 2)- , 6<ProWL ¥ MLR-GL wZn?Y+XI
7- 7AALS, rIQ5 “£3+ . F EIPY5 1>7> X<(,-CX 17-N"#{ ] 6N«63<e [7- 7AAL$, r'Q5 " £

3+, dHG Y4PILL X<0,-CX17-N'#{, = <LflA Y+X JF [y r'Q5 " £3+ , 6<9¢CE3! 1C# $-
U5 1

9&l

)
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Table 4 Results of novel function prediction for partially annotated proteins on HumanPPI

>7 4 HumanPPI @ (.G <073= 3Cr°a O73N#5 O

Metric m dHG PILL ProDM FCML TPR
1 97.42 +£0.03 97.1240.01 86.39+0.02 68.09£0.01 15.6640.00
MacroF1 3 93.64 + 0.05 92.32+0.01 81.74+0.02 65.17+0.04 15.47+0.01
5 90.17 £0.05 88.07+0.02 77.5240.07 62.58+0.03 15.2040.01
1 99.84 + 0.00 99.24+0.00 98.56+0.01 96.08+0.02 68.40+0.01
AvgROC 3 99.41 £0.01 98.0340.01 97.8940.01 93.0840.01 67.7040.01
5 98.87+£0.01 96.99+0.01 97.21+0.02 91.58+0.01 67.03£0.01
1 99.87 £0.00 99.68+0.00 99.37+0.00 84.7940.01 44.754+0.00
1-RankLoss 3 99.55 + 0.00 99.02+0.01 98.60+0.01 82.91+0.02 44.2740.01
5 99.17 £0.01 98.34+0.02 97.8440.01 81.1240.06 43.8140.02
1 98.85 + 0.00 98.75+0.00 97.50+0.00 73.14+0.00 72.79+0.00
AUC 3 98.66 + 0.00 98.4140.00 97.13£0.00 72.80£0.03 72.65£0.00
5 98.45 + 0.00 98.05+0.00 96.74+0.02 72.33+0.07 72.50+0.01
1 98.22 + 0.00 97.71+0.02 86.36£0.01 72.90£0.03 34.86+0.01
Fmazx 3 94.73 £ 0.01 94.17+0.01 82.83+0.00 69.31+0.67 34.71+0.01
5 91.26 + 0.03 90.70+£0.02 79.4010.01 66.09+0.37 34.55+0.02
1 191.20 £ 0.56 335.56+£0.54 425.05+1.61 1580.94+0.70 1958.94+0.46
Coverage | 3 354.36 + 3.67 574.78£1.19 645.86£3.74 1813.44+1.88 2048.6£1.73
5 483.96 + 3.31 728.72+6.80 809.31+£6.00 1946.84+0.20 2105.1£2.29
>75 KroganPPI @ A7 =#= 3C"°a& O73N#5 O
Table 5 Results of novel function predictions for complete unlabeled proteins of KroganPPI
Metric dHG PILL ProDM FCML MLR-GL TPR Naive
MacroF'1 32.70+0.48 34.31+1.18 24.79+£1.09 27.51£1.10 3.14+0.20 21.83+1.62 2.90+0.23
AvgROC 67.92+0.45 70.42 +1.82 57.54+1.37 66.32£1.82  47.01£1.67  60.31+0.80  48.90+1.06
1-RankLoss 88.04 + 0.92 76.18+1.16 73.33+0.53 57.64+1.16  25.03£1.02  32.56+1.78  83.30+0.59
AUC 89.30 + 0.64 78.77£0.55 73.77+0.45 63.53£0.95  55.90+1.02  71.89+0.77  83.43£0.38
Fmaz 42.12+1.04 46.31 + 0.87 27.30+0.88 38.46+£0.55  16.99+1.30  36.07+1.11  39.74+0.99
Coveragel  227.584+9.75 137.45+2.97 312.02£12.07 415.13+6.31 529.46+3.44 465.81£6.13 376.69+6.12
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Table 6 Results of novel function predictions for complete unlabeled proteins of ScPPI

Metric dHG PILL ProDM FCML MLR-GL TPR Naive
MacroF'1 30.11 +0.68 30.25 + 1.07 21.2440.92 26.01£1.50 2.16+0.43 21.73£1.24 1.9240.07
AvgROC 76.791+1.06 76.08+0.31 64.431+0.23 76.05+0.64  45.554+0.83  64.57+1.28  48.87+1.43

1-RankLoss 91.42 £+ 0.28 78.16+1.03 59.284+0.18  62.00£1.16  32.4942.31 35.43+0.94  84.52+0.23

AUC 92.31 + 0.26 81.55+0.59 65.64+0.26  69.40+0.97  36.82+1.46  75.96+0.27  84.714+0.25

Fmazx 36.951+0.69 43.89 £+ 0.91 32.93+0.82 37.92%1.11 8.98+1.38 36.26+0.86  36.68+0.73
Coveragel 268.094+6.70 196.70 4+ 3.87 482.00+0.53 552.65+3.50 767.96+£2.99 638.79+8.55 487.69+5.91

>7 7 HumanPPI @ A7 =#= 3C"°a& O73N%#5 O

Table 7 Results of novel function predictions for complete unlabeled proteins of HumanPPI

Metric dHG PILL ProDM FCML TPR
MacroF'1 18.68 £+ 0.68 16.03+0.56 12.24+£1.18 9.20£1.50 12.85+0.34
AvgROC 65.77 + 1.06 62.571+0.61 60.324+0.42 49.45+0.64 61.2240.62

1-RankLoss 86.61 1+ 0.28 70.10+0.17 70.03+0.73 53.58+1.16 39.86+0.98

AUC 85.24 + 0.26 73.05+0.21 66.48+0.43 50.96+£0.97 69.914+0.42

Fmazx 26.9510.69 35.55 +£0.11 10.86£3.46 28.8240.36 22.284+0.26
Coveragel 1441.5 £ 27.95 1938.2+8.47 1805.8+14.63 2435.3+£13.94 2153.2+13.14

>78 ["1#F>, L* (s)

Table 8 Runtime cost of comparing methods (s)

Metric dHG PILL ProDM FCML MLR-GL TPR
KroganPPI 5.06 63.82 107.63 322.25 396.27 17.29

ScPPI 14.32 162.63 271.91 1086.24 1446.24 54.43
HumanPPI 278.24 2131.45 8186.77 61065.61 241483.19 16451.44
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Novel protein-function prediction using a directed hybrid graph
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Abstract Proteins carry out various important activities in an organism. Accurately annotating their functions
can boost the advance of life-science research and application. High-throughput techniques generate such a large
volume of proteomic and genomic data that it is beyond the capability of low-throughput wet-lab based tech-
niques. Thus, computational model-based large-scale protein-function prediction is one of the key tasks in the
post-genomic era. Current machine-learning based methods often focus on predicting the functions of completely
unlabeled proteins. These methods ignore the incomplete labels of the labeled proteins, and hence have low
accuracy. In this paper, we design a directed Hybrid Graph (dHG) based on the gene ontology hierarchy and the
protein-protein interaction network. Next, we use the dHG to predict novel functions by performing a random
walk with restart on it. The proposed dHG can predict not only new functions for partially labeled proteins, but
also new functions for completely unlabeled proteins. Experimental results on proteins of yeast and humans show
that dHG, across various evaluation metrics, achieves better results than other related methods, and costs less
time than these methods.

Keywords protein function prediction, machine learning, directed hybrid graph, random walk, gene ontology
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