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random forest(http://www.cs.waikato.ac.nz/ml/weka/)S ©]-83}¢] 01]% 2ae sdslgl i, RNA
Mde] M9 Zzwd, NI composition, AF Athube]l waldol Ex 55 EFow ®HSG
t}. Random forest 7] & A}F83F cross validation 9 AFZA 1.1 A AY 2 45
92.4% sensitivity, 92.0% specificity, 92.2% accuracy & X %31, independent test A& 72.5%

sensitivity, 90.0% specificity, 92.1% accuracy = X % t}.
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shar Aosil 52 ¢ gl AFH EEY A= Ad FA Fd dolHE 285 = ¥AEH do]
S Jpatatedct. B ¢} Lﬂﬂﬂﬂ o 1E17} &&=, A7l A7
L FFE A ALE A8 747 @d ¢
2. dlole| 2 5% 7ol e oo *""*’ﬂ W dd 97) 94
2.1 RNAQI' ,_—_I_l_H_IH;é! E||0|E'| ﬂ?“gaémPWM) 7< 51 RNA }‘10:]01]—‘1_%—7( o= HH
A= 2-97] 9 17}v6£%é_(dPWM)—a— E3heket
el sk RNA o] A9 ©lo] = CLIPdb[6]l A 125 0371 AA7MsaqdL F59 RNA DS 74
Addel7t 25, AF FstErE 0.9 oldelw  Fl= v Ay YA 7P 7hzie] vl 7)o
PARalyzer A& o2 U dHlo|HE FEH3IUTH. 18] gt 21-92 2702 dalsle] Adojx=d], (1)
ste] XA EH HolE 24 dhulAn AZsh= RNA °] & E3le] dato] sb5Et).
AFH9 dolHZ RNA A 5,145 /S Wkon, T, i
R ,
RNA ¢ ZAgtsle whalde) & % 14 7ot RVA 9 mPWM( ) = (e (), (1)

A sk Rk A e NCBI
GEO(http://www.ncbi.nlm.nih.gov/geo/)e] A}o]Eo]|
A k. UIAE R doleEA, Fx AF FHA
GRCh37/hgl9 oA 25 7§ 7)o ha}e] 51,450 7} (E
A|E]H dlo]E 9] 10 Hl)<] RNA <F H]—ﬁaﬂ&b d9s
Adsdt. Fxz A" A fAAE d Ay
Adtsle d9dug B2 u-43% 998 xgdsta 9l
omz B-Z3 g9 h3 A 9 H&S v}
27 ste] oy 7l dely MEE SR T
¥ A E B} UIAEE AddelE el H&o] 1:1,

1:2, 1:4, 1:6, 1:8 _ZE]"’ 1:10 o & o]Folx Qlt}.

w3k dolHAES FxdelH AAs s (-
HIT-EST[7]& ol &8led NA HAM=7E 80%0] <l d]
SlEE A G, e A Fd delhs)

A HAES 97 HAE HolHz vrdled,

W3 Ajtsk= RNA 91 ﬁa@yr glo] 12 %gﬁoﬂ

B Argeia, e s0se oF 1000 Aol e
HAE delHz Agalels] Wil & deoles

HAE dolg e Aol AY FHo| EAsHA &

= o <E DollAE AEE sy glo]E 9] Hc’ﬂ
Mg 2R 7hssin.
<E 1> 55 AA F 2 g dolge A 7.
P: positive data, N: negative data
1:1 1:2 1:4 1:6 1:8 1:10
P 3,372 3,372 3,372 3,372 3,372 3,372
N 3,679 7,200 13,610 19,065 22,826 26,212
Total 7,051 10,572 16,982 22,473 26,198 29,584
<E DoME FE A7 T e HAE HolE
7H$§ gl 7bssttt.
X 2> TH AA T E2 HAE HolH ME S,
P: positive data, N: negative data
1:1 1:2 1:4 1:6 1:8 1:10
P 1,000 1,000 1,000 1,000 1,000 1,000
N 1,000 2,000 3,998 5,998 7,998 9,998
Total 2,000 3,000 4,998 6,998 8,998 10,998
2.2 EF9l MEH Tl FH
oAl Al RNA Aol A e date]l AgN-9lE
o 53t7] 9ste] AHE&F 5HEL v #rk. RNA
Ad 223 FREA FEE RNA Ade 7]l
gk X 7tsF (P [8]S AAkstar, FE% RNA

frequency ~ (i, j)

(Dol & 471 1X4 P, j)e Fe
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A 9IS YER I, frequency' & EA %%l
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54 od 4717 @Ay Ak e NETE
et (2)dA = 2-97] X7 digh 2
S gdst. ALY 9717F n gt &l 7] 4
A7bsdd e 542 n Jfola, 2-97] fx7tsAE
542 n-17]o|t}.
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3. 05 2Hel 45 Frt
3.1 45 X E

HoAo = % =
D R
sensitivity (SN), specificity (SP), accuracy
(ACC), positive predictive value (PPV), negative
predictive value (NPV), Matthews correlation
coefficient (MCC)E A (3)~(3)= A=},

TP

Sensitivity = ——— 3
v TP+ FN 3
TN
Specificity = —— (4)
TN+ FP
Accuracy = TP+ IN (5)
TP+FP+TN+FN
TP
PPV = —— (6)
TP+ FP
TN
NPV = —— (7
TN+ FN
(TP x TN) — (FP x FN)
MCC = (8)

\/(TP + FP)TP + FN)(TN + FP)(TN + FN)

9 Al A true positive (TP)E %Lﬁhﬂr o
S8 ANdol HAAR AFgste A9 4, true
negative (TN)= ZAg3s}X OLL‘:}"’ oZH A do]
AARE AgslR] &= A9 4, false positive

T

(FP)= ZAEsta oS5 Ado] AAZE AdshA
U= 799 4, false negative (FN)= ZAgslx @&
+ tal o S5E Ado] AARZE Adste 459 T
£ o gtrt.

3.2 10-fold cross validation

10-fold cross validation & =3 sk 4o
TS A7 fAske] gF dlelH g

3l g5 nuls wrEgon &)

P

=]
o] 10-fold cross validation & 33t tt. <& 3>
= WEKA 9] random forest 7|¥-S ©]-&3Fe] 10-fold
cross validation < UYEld A3tol,  random

forest o Ao He& HAF7] 98 gepvgH=
60 7He] AA Eg(decision tree)?}t 25 7He] random
feature selection = A|A3}o] 10-fold cross
validation & 2383} }. positive & negative Z
Bmol el o] 1:1, 1:2, 1:4, 1:6,
1:10 o ATelA Ad T2 *é%% <l
positive % ]

o

1:
7

negative Hlo|E ¢ H|&o] 1: L
of Ald F2 AsS Hglew, 1 Z

92.41%2] SN, 92.04%<] SP, 92.21%<] ACC,

(I a rlo

wel
10 X
oz

.41%2]

4
91

PPV, 92.97%<] NPV, 0.844 ¢] NCC $itt.

dlo]E 2]

1¢] H]
ol MERFE £ Aol Y AL FAd &
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<¥# 3> WEKA random forest & ©]-&3F 10-fold cross
validation 23}
P: positive data, N: negative data

P:N  SN(%) SP(%) ACC(%) PPV(%) NPV(%) MCC
1:1  92.41 92.04 92.21 91.41 92.97 0.844
1:2  89.65 95.28 93.48 89.89 95.16 0.850
1:4 84.16 97.13 94.55 87.89 96.12 0.826
1:6 81.58 97.83 95.39 86.95 96.78 0.815
1:8 78.97 98.01 95.56 85.43  96.93 0.796
1:10 77.46 98.34 95.96 85.72 97.14 0.793
3.3 Independent test
sty mEle] gAY 9k gekel s dlolE 9
SHo] HA ¢t HAE HolHE 7MA AL Weka 9

random forest 7|H& ©]&3}9 independent test =
yskelet.

<¥# 4>+ independent test 9 AFE HO]F=H
o] A1} 9A] positive & negative 2 HlolE H|&
o] 1:1 ¢l A%l Ald F2 ZH}E HoF=d, 1
Aee 72.50%2] SN, 90.00%2] SP, 81.25%2] ACC,
87.88%2] PPV, 76.60%2] NPV, 0.635 ¢ MCC ©]t}. =
g, H2~E dole o duidy Agtst= RNA A ]
olg7} 7t dlolgAlwitt th27] wiZeo] A= b 4
R A A=

<3 4> WEKA random forest & ©]&3} Independent

test A}
P: positive data, N: negative data

P:N  SN(%) SP(%) ACC(%) PPV(%)  NPV(%) MCC
1:1 72,50 90.00 81.25 87.88 76.60  0.635
1:2  56.10 85.90 75.97 66.55 79.65  0.440
1:4  52.70 93.77  85.55 67.91 88.80  0.513
1:6  47.10 95.48  88.57 63.48 91.54 0.484
1:8 50.90 96.07 91.05 61.85 93.99  0.512
1:10  49.60 96.32  92.07 57.41 95.03 0.491

3.4 7|F Ad72fe o E4s vl
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100 A% wobd Age AnE Deepbind | ¥ Ao
gy A3 A3} Fo|th. DeepBind = AE Ax=E
A Agtgoel g3t 2305 HAF7] wid F+A
212 o] g3}e] Z-score & T3}l Z-score 7} 0 H
o Aohd Agels A9 = RBekom Z-score
70 Bu A Ay Adsh @ B9 vR B
I Aes AL A3E BoFr,
Our model

protein SN(%) SP(%) ACC(%) PPV(%) NPV(%) MCC

FUS  92.19 96.00 94.51 93.65 95.05 0.884
FXR1  100.00 90.00  94.01  87.01 100.00 0.885
FXR2  86.25 88.00 87.22 85.19 88.89 0.742
IGF2BP2 84.81 89.00 87.15 85.90 88.12 0.739
LIN28A 86.59 90.00 88.46 87.65 89.11 0.767

QKT 83.12 92.00 88.14 88.89 87.62 0.758
TARDBP 17.02 93.00 56.19  69.57 54.39 0.155
veighted 7o 5o 1 14 8455 86.95 83.07 0.686
average

DeepBind

FUS  32.00 33.00 32.50 32.32 32.67 -0.350
FXR1  32.99 42.00 37.56  35.56 39.25 —0.251
FXR2  43.01 73.00 58.55 59.70 57.94 0.168
IGF2BP2 48.94 59.00 54.12 52.87 55.14 0.080
LIN28A 36.46 53.00 44.90 42.68 46.49 -0.107

QKI  82.00 81.00 81.50 81.19 81.82 0.630
TARDBP 50.00 86.00 68.00 78.12 63.24 0.386
veighted o oo 6100 53.97 53.73 54.05 0.077
average

9 A3} weighted average & ZFzF¢] TP, TN, FP,
FN 5 4 714 718 AFZE Z47] gelodr d+H Be
S TFeislied, B AFoA wieE 2de] AlFol
DeepBind ¢ AsHT £ & & F Al Al
A5 O02A DeepBind ¢ weighted average 7}
46.62%2] SN, 61.00%2] SP, 53.97%2] ACC, 53.73%%]
PPV, 54.05%<] NPV, 0.077 €] MCC k& 7FA&= Wi,
27 2Rdeo AL 76.06%% SN, 91.14%] SP,
84.55%2] ACC, 86.95%2] PPV, 83.07%2] NPV, 0.686
o] MCC 7F Yot ¥ =2 A5S YEPYS gQls 4
ANTE.

4. 2B

B AT RNA 4D R A% 9ud JuE w
oL ste], RNA A delA welda At 7hed o
g = Aze WS AT, o3 wus
$5ko] WEKA random forest =28 &I o, A}
88 Sqom: vl 97 AAEAY, 2-97] 9
Z7v53 9, composition, AJ Atiurel iAol 7
1% composition, transition, distribution & A}
&3t3ltt.

Ho]E 2% positive % negative o] H]&o] 1:1,
1:2, 1:4, 1:6, 1:8, 1:10 €1 6 7S] H°o|HA S W&
ojdq ATH7IEA 10-fold cross validation %
independent test & Z&sIqitt. A3px o2 Hog

Ao] positive Z negative ¢ H|Eo] 1:1 ¢ Ho]H
Aol Fr7E At Ald S AeS BHYow, 10-
fold cross validation & Ad%°] 92.41%2] SN,
92.04%2] SP, 92.21%°] ACC, 91.41%°] PPV, 92.97%<]
NPV, 0.844 ] MCC o], independent test & A%<
oS3 o] 72.50%2] SN, 90.00%2] SP, 81.25%<]
ACC, 87.88%<] PPV, 76.60%%] NPV, 0.635 <] MCC <
A5 B},
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