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Abstract

Background :

Nowadays, we are pursuing the goal of precision medicine in the field of clinical medicine
and preventive medicine. In addition to relying on the advancement of technology in the
field of biomedicine, the more important issue that we must face up to the problem of
how to achieve the expected results of research goals under the constraints of limited
research resources. However, genetic testing technology plays a pivotal role in the
precision medical and has been run in medical research for many years to reach maturity.
With the progress of genetic research, much research has confirmed that complex diseases
are not simply caused by a few symbol genes. Therefore, it is necessary to extend the
research to whole genetic testing. However, the cost and time spent of whole genetic
testing are the primary issues that medical research teams and patients must face. In view
of that, this study proposes the GeneVPNN model, the virtual probe of genetic testing, to
recommend doing real genetic testing range and compute the inference of whole genetic

testing.

Method :

GeneVPNN (Gene Virtual Probe Neural Network) is a composite scientific method
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combining statistics and deep learning technologies to solve the issue of recommended

genetic testing range. At the previous stage, GeneVPNN analyzes the coefficient of

variation from RNA microarray raw data to get effective gene group (CV5000); and

further, uses Autoencoder (AE) algorithm architecture to select the latent feature genes

(LF-GENESET) on the condition of under specified quantity. GeneVPNN also provides

prediction function, that uses deep learning neural network to deduce gene probes’ value

of CV5000 from LF-GENESET. This study uses GEO GSE102484 dataset that is a gene

expression array data of Asian breast cancer patients that made by Taiwan Koo

Foundation SYS Cancer Center.

Result :

The GSE102484 dataset is split into two parts for training and testing. After the trained

GeneVPNN model is validated and evaluated by the test dataset, the results of prediction

show that the relative error percentage of less than 30% covers 96. 71 % of the test dataset

and the relative error percentage of less than 50% covers 99.47 % of the test dataset.

Conclusion

This study has two main research outputs, one is the versatile design model was made for

diseases studied. Although the GeneVPNN model was trained and tested by GSE102484

Vi
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dataset that is relevant to breast cancer of women, but the framework of GeneVPNN is

designed for unspecified diseases analysis. So, it can assist medical research getting a

recommended range of genetic testing of unspecified diseases for achieving a more

economical genetic testing goal. The other research output is using recommended LF-

GENESET to make GeneVPNN deduce the CV5000 gene probe values of unspecified

diseases in the early stages of research. Therefore, in addition to saving research’s cost

and time by GeneVPNN, it can also assist doctors and researchers in diagnosing patients'

postoperative conditions.

Keywords : Gene prediction, Deep learning, Autoencoder, Dimension reduction,

Genomic selection
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Bl 3 5 #~#3 #% GeneVPNN #-3] ¥ <0 Autoencoder 7 #3k+* » 1 & ¢ Encoder
% Decoder #rie= > AE 2 Fi A 78 3K 5" § € LF-GENESET #73k % & 2 ot
Bk Pl TR 3 ¢ TR T B L AL selected_dim v p #3 F Encoder %
Decoder 2 Layerl I Layer6 & *Z#& & (Hidden layer):#! 5 = (Neurons)# & °

/,

HEOEEH LA B X SR TS UFR A RE%EE [nput layeri?f}iﬁ%lﬁ °

AE pf“'fﬁ%ﬁ d Latent layer 2 ##F#cF 3 @ 1L Decoder e 4% » *t 3V RIFE € 3
%7i%1* Encoder % Decoder & 'E# A 24! g~ & & > £ 3 Decoder FfiRl«hi
FEYTac: B0 > #PF Encoder Layerl éni B4 i~ 4@ € @ > i 818 FpaE LF-

GENESET eh %% fcdp kik o 3B FF R L 02 4F 2 Sl MSE 322 324 2 58(6) 5

R ESHC R B AN AT 2 2 ko AR FRMIEREEL L 2
'é[f'—r o
AE FRFERIEE A L &

= d (X, D(E(X)))) (3)
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HvY Y% encoder ﬁi%J A FFREL > dO% MSE 327 34 2 55(6) 0 EO &
encoder 44 5 Latent layer & # S~ € @ 7 B L hat LavpplE X =
D(E(X))) D) % Decoder 7 ip|X;2. e AR 1t p %%j*ﬁ»{“ﬁ % decoder Ff B

g:_ ) Z\ gf’\_hr-—f o

arg min L X X)),

XX

#% € Autoencoder ## & g jp| 2

#¢ X =D(EX))

B #7 & -7 «1¥_GeneVPNN z Autoencoder %

[

Input Layer

Dense Layerl

BatchNormalization

Dropout

Layer %= o

Dense Layer

)

Dense Layerb

BatchNormalization

(4)

i# i AR IR R 2L I R S M T

Dropout

Encoder Decoder

Dense Layerd
BatchNormalization
Dropout

Dense Layer3
BatchNormalization

Dropout [ Input Layer ]

Latent Layer

B 4 GeneVPNN z

Autoencoder #% 3% BB 3+

*# 3 & * KERAS API # = BatchNormalization layer » # % Sergey loffe %
Christian Szegedy ** Google % # 7 Batch Normalization = ;2[20] > f % F#
B By~ 4T BRI AT LT R scaling HRAE 10 § kR A R B R
% PR KT B SE B i P he F4e ~ T Dropout layer o Bk &

B R R E B PRTR 0 s f TR -

B 5@ 6 5 @& * Python 2= 4 AE #-3] 2 #%JQ%?J » 123 i LF-GENESET -] *+ 2000
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AT E ) 2 Z 9 AE FF R CVH000 382 3“7 4

Model: "encoder”

N2 AR

Layer (type)

Output Shape

Param #

encoder_input (InputLayer)
selected_Layer (Dense)

batch_normalization (BatchN
ormalization)

dropout (Dropout)
L2 (Dense)

batch_normalization_1 (Batc
hNormalization)

dropout_1 (Dropout)
L3 (Dense)

batch_normalization_2 (Batc
hNormalization)

dropout_2 (Dropout)

latent out (Dense)

[ (None, 500@)]
(None, 2808)

(None, 2000)

(None, 2008)
(None, 1008)

(None, 1000)

(None, 1008)
(None, 50@)

(None, 508)

(None, 508}

(None, 250)

<}

10002000

8000

5}

2001000

4000

(<]

500500

2000

5}

125250

Total params: 12,642,750
Trainable params: 12,635,750
Mon-trainable params: 7,000

B 5 AE-Encode 4§ & (LF-GENESET_u2000)

Model: “"decoder”

Layer (type)

Output Shape

Param #

decoder input (InputLayer)
dense (Dense)

batch_normalization_3 (Batc
hNormalization})

dropout_3 (Dropout)
dense_1 (Dense)

batch_normalization_4 (Batc
hNormalization})

dropout_4 (Dropout})
dense 2 (Dense)

batch_normalization_5 (Batc
hNormalization)

dropout_5 (Dropout})

dense_3 (Dense)

[(None, 25@)]
(None, 588)

(None, 5600)

(None, 500)
(None, 1008)

(None, 1000)

(None, 1000)
(None, 2000)

(None, 2008)

(None, 2008)

(None, 5000)

5}

125500

2000

5}

501000

4000

0

2002000

8000

2]

10005000

Total params: 12,647,500
Trainable params: 12,640,500
Mon-trainable params: 7,000

Bl 6 AE-Decoder 4 & (LF-GENESET_u2000)

11
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2.6 DNN st w 2k * i o i

GeneVPNN 11 DNN(Deep Neural Network)z = - & »2 & & 2.5 Autoencoder p %
B BeR s E rPE I L@ T 2 LF-GENESET 2k Flie - J* DNN AY S5 e e
¥ 2 AE#- CV5000 A F13 et dH 4 Rl s 2 o Flordeih 2 P R E B AT

B o Fet o DN SR B4 S B T 5 AT BRRH) ©

Input ' Input | Hidden | Output | Prediction
Dataset Layer Layer Layer Dataset

LF-GENESET Cv5000

(((
(((

M1 7 DNN 72 CV5000 % 4

B 7 ¢ > Input layer e (F LF-GENESET A %145 4#c) 7 £ 25 % Hidden
Layer # 4 g~z st w jip % #cnip §oo Qutput layer = 35~ ek 2+ 12
P iRdaamz CVH000 A Fldcs 2 » d > DNN A g g 2 im B it sl 2 2 4
Haf @RI A S0 Input layer @ & g~ e FlA ] 8
M wpF 2 M B 5 A3E5% GeneVPNN # DNN 2 & 8 - # (5 ~ RUg B R
@ #d Ay K T2 Adam[21 ] B (optimizer) ik 73k 2 4f 4 S #(Loss
function) MSE (6)*t £ "SI EEE Jadh Sk L FE(E » ik » B PE T 52
BEL Iﬁi%] ~ £ @& (weight) » A S s 22 B (bias) ) B4R

12
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BE B2 w2 5 G DNN AL 6] it > 3 pb 2 3

70
TR
W
N
3 Y
?ng\ﬂ
P

¥
i
E‘V

AT ED E AFEGER YIRS 2 DNN #3] o

Hidden Layer Output Layer

8—@—- B—®
B & G ! =8

B 8 GeneVPNN # DNN 2 kK ¥ - # S AR /F5 hiT
CV5000 & A Flf& Pl @D, d e = 3¢
I = (i((zll(ml « WID)+b1)) « W2y) + b2, o
1
275(5)¢ > n & CVH000 2 2 Flac e 7 4% &8 & 5,000 5 1 5 LF-GENESET 73k =_
AP E 2 B P A P8k m 2 hidden layer # 5 Ak o

W1, 2 W2, #& @& 5d Adam fi- B E R REE RS 0 p & LATE P97
B2 b1 A4 g A2 2 E @ (WL W20 2 # 3% (bl b2) » 5d “F38 T B

)37 =k fic(epoch) # %74 #THE £ 0 & #13K %2 MSE4F £ S0 Hc(6)4k 4R & =t 3" L is

7

{

pifl Ppe2 ground truth § 2 E2 L 2R R EELRALATEEL B>

¢ Tp Pl 2. 9,38 17 ground truth § "2 @& P2 & Jeacp e
Bl 9 5 Python 2 4 DNN #i-3] 245 21 4F & > 2335 LF-GENESET 7 42 2000 i
F1 % b '3 DNN 2R CVH000 325 FHTA 2 4 & o

13
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Model: "DNNmodel™

Layer (type) Output Shape Param #
PredictRealGeneDNN_input (I [(None, 862)] 5}
nputlLayer)

dense_4 (Dense) (None, 4820) 4159660
batch_normalization_6 (Batc (None, 4820) 19280
hNormalization)

dropout_6 (Dropout) (None, 4820) 5]
dense_5 (Dense) (None, 5000) 24105000

Total params: 28,283,940
Trainable params: 28,274,300
Non-trainable params: 9,640

B 9 DNN 4 & (LF-GENESET u2000)

2.7T LRI BFFER > 2

GeneVPNN 2 3 i frdedh 12 B L4 F & F A FHeRIdkciE 2 B R =5 >
B FRAEVYHAOEREEFEEL RV LanELE S F R TS A
MSE(Mean-Square Error)(6)i® 5 GeneVPNN 2_4f 4 J#(loss function) » /3=
ERALEREEZ RFEE S I T AP IS G LN FPWEFY AF
APLEAE R s FEAAB L E AL a2 > 2550 8 B TR Bk 0 &
ARG R ERMTERIS R TR AN AT A 4 F RS Y L2 TERGEL su A F
EEBCE 15 B 17~ B 19~ B 21) 2 R4 an2 A FHIRRIGE S S(H
16~-® 18- B 20~W22) A 471 T E Lo 1 & RIFPIZ APHFLE 4+ (7)
A 10%1F B SR FRATIEA 2 bR o XA WM SRR L E A R T

30%% H50%p 2 FALE v (%) 0 FEFERAL S 2ABERARL ST o

13 R
MSE == (%~ 1)’
= (6)

14
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x5 (7)¢

GeneVPNN B 18 FE g3 ip) 4

PANEIN

LT A

(v, - 7)

Relative Error(%) = | Y
i

2R(7)F 5 Vs REFAL 69 £ 6

GeneVPNN & 18 e B3R iR 4

» VAPTRERE 614 £ %2 CVH000 2 & F

Ve S F A B on B R

%2 CV5000 E 7

BRI E s VRS

i SRR S
(7)
EFAFFEERE }715'1;

2§ 60 CV5000 et 7 3 FI45 4+ B (e -

2F7Y7)¢ > ViR F A TR HE RS ITAEE RRETAET SIS TR E

€ FIF A LRSS

’P F‘E!-‘q'ﬁm \F%%{»;E‘-F% L SNR < 1 B‘J;' L] ;M-FKI“'Q‘F%};

HFERIEXRL O REO[NT)A* L FEZEN DI APHBTLF AV AF7 Y
SR T LA AT AR R B R L RS g 0 B R

B t) BARELADRRS SRR

15

2 () 2 (5o

Z~ g

i

By EY

doi:10.6342/NTU202301211



3.1 FHET

FHRET 2 FRH A1 7> 28 W RFZ 1 GEO FHET &7 GSE102484
Fﬁff"j& ’1‘5‘.?7}—'7 @_%ﬁfifiﬁ- |9$§H‘é" CSV id # ”‘" *%%Téq {s ’ﬁd fs

HFFERE ¥ #7312 Python 423% 2 o GSE102484 FAL 4 & > 3840 ™ £ #951 ¢

7 1 GSE102484 & » #icdf &

FHREES #AEN
P % itz ##E (event_metastasis=1) 101
% Rig##E (event_metastasis=0) 582
Total : 683
TR :REFTAHEZ TR G

GSE20685& it ££ 4H AX

RS IR n=101 « EAE RIBIEME n=582
(event_metastasis=1) (event_metastasis=0)

B 10 GSE102484 74 f e =

AFTE P i2E* 2 Autoencoder % 2 BT E AW EBLY & WIF AL FAIL T

16
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FER S B2 7 FRERENRERSEL I L HETRES o 7
Affymetrix ez & FHp|= BB 2 FS B2 AR 5 :E 54,627 & 2 Forg i<
WA AR A T2 F 3 & B-GSE102484 TR B LGN 2 2 R
Gl YA o R RA TR R G E e 5000 B R ROV ERg 2 fFEEL
CV5000 F#L & » #& &% GeneVPNN $3] 17 5 AE "2 T4 & > & ¥ 5 GeneVPNN
H-7] DNN #g iRl 5 »2 B ¥4 F1#¥ dhground truth v $kik > 4o™ BH 32 2 T4
FeJR AL R o

o HRETHE
MO ﬂWZ%EI-Eiﬁ

HEEEA
] (6832 -
GSE102484 H #490:10)
6832 @E:= L
Affymetrix S —
Y EYry— —
¥ GSE20685 LF-GENESET

g;:az
ERAERE
| (683FEZ -

##4390:10)

ﬁ?ﬁ"ﬂ -
SH(CV) —
—-—

CV5000

B 11 GeneVPNN & FEECF L ad@ 2 & 01 JR AR

ERpEGRERR T TR B LRREY WA FERB 0§59 Python
A2 RAFRL R L o AR o EOMHCANERLS R i L g T R
LR R R PR BCE IR 2R A AT e

Autoencoder #-3] 3R/ BIF T F

AE #3185k i 4g 2 FAL B 454 > & * Python sklearn & i# 2. train_test_split
oo K- B R R s 4572 & iE 4 CVE000 T4 B shuffle g4 47§t @ 1o
12090:10 v G374 R PTRF L E B RIRET R E -

17
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DNN #-3]" /RIF T #

DNN 3ok imfzs FHE 24 > 1 8 Lo AL $319 RH foac B £
B R B e 2 TOPS000 AF R TR B¢ » L erp s 2B p 2 Hop
#ch 7% LF-GENESET 4] 11 % 3 3 %7 » & %683 & [ % #% & I $£ ¢ shuffle

SEHS T AR (5 0 12 90:10 vt G474 & DNN 031 2 3R RIE T AL B -

GeneVPNN # # # AE & DNN -3 srs B2 > % € 3% T_KERAS 2 validation ratio=0.1-
- f]*w‘lﬁ&—%‘w F# g sklearn & ©# train_test_split &8 90:10 & )45 4 417 90%
PIRFAHEL T ARAET 10%F5F - ' & (epoch)2 validation F it

o EIER 90:10 v BI4T A  L0%RIE T A B £ &

\\\?{r

L h A S Ry

FHRCADI R R RS O D B OPRRIERIEE o
GeneVPNN 2 éé,%erabﬁi—ﬁ%] M/ TR EREE SRR FAL 297 o

% 2 GeneVPNN % éi‘%l’?ﬁi—ﬁ%l M/ TR R

Input Output
Train
(validation ratio) Test
Cases 683 683
eV —m
Features 54,627 5,000
Cases 614 (0.1) 69 614 /69
AE ——
Features 5,000 5,000 Specified
Cases 614 (0.1) 69 614 /69
DNN
Features AE specified probes 5,000

* Specified : under 200, 500, 1000, 2000 probes

18
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3.2 CVieE#RF=* 2 8%

GSE102484 F#1 & %5 Python m CV % B DA 4715 » $E D CV B B B A T
FE AR 122 CVRE GEAPFRERERFEL 7 0 BY o Indices = k%R
%l OV B R (d < 1) )2 GSE102484 FAL A FI4F & R 5l 5L > @
Values = # %% /&2 CV &2 List TR AL TR CV EirHk %% o

CV-TOP (5000,) Indices: [ 6622 39598 50896 ... 29489 29333 46137]

CV-TOP (5000,) Values: [138.83610472 123.69987699 117.56902152 ... 34.86656728 34.86621044
34.86152559]

Bl 12 CVER GEA1TR%REF{ELR

%03 % k5 GSE102484 % B 8 OV @it B (4 + T} ) N 4z A T & 4 4
#§ % o 12 CV5000 . TOP1 = 10 2 TOP4990 % 5000 5 &> B 7 &3 12 TOP5000

EERE -

% 3 GSE102484_CV & 325 = i $+3F CV5000 A 7145 4+ & 4L

TOP_1-10 TOP_4991-5000
TOP_1 243146_at TOP_4991 226622_at
TOP_2 243337_at TOP_4992 234314_at
TOP_3 236538_at TOP_4993 205821 _at
TOP_4 243800_at TOP_4994 226846_at
TOP_5 243520_x_at TOP_4995 1556284 _at
TOP_6 232377_at TOP_4996 236222_at
TOP_7 243015_at TOP_4997 235746_s_at
TOP_8 219612_s_at TOP_4998 1560788_at
TOP_9 243734 _x_at TOP_4999 229391 _s_at
TOP_10 214612_x_at TOP_5000 235278 _at
19
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3.3 AE#F% > 2 5%

- CV B hlcs $7i5 P
(epoches) f& - % &8 #-
(Validation dataset)z 3 AE #i&

loss® T Bl & A 9

2000 ix

i AL o

(A)

20

Loss

10

05

(C) 0.0
175
15.0
125

@

%100

-

75
50
25

00

d 1 WE

GENESET 3% % 2 $4:F
s g i

A -

@ (R HET FIABSCoD R 2

N e CV5000 FAL &

A FE R4 2 loss AT ardd

B o AE 3R s Py B

,L’T'I,(Eég

PR B S

» 5 AE BB ARAE DR 400 w £

AR

AT AR A FARTHVRT AR 2 FFRIEL
¥ B~ LF-GENESET # 4g & 200 ~ 500 ~ 1000 ~

FAEC 2. loss

L& AE 3#Sk PP decoder { F AT

AE_Model loss (B) AE_Model loss
—— Taining Stage 6 —— Taining Stage
: --- Validation Stage -«- Validation Stage
: 5
¥l
: %
: g3
: 2
i
AE-Test loss: 0.5212
T— S AE-Test loss: 0.5076
..................................................... R s e R R L
0 50 100 150 200 250 300 350 400 0 50 100 150 200 250 300 350 400
Epoch Epoch
AE_Model loss AE_Model loss
] (D) = )
—— Taining Stage —— Taining Stage
==+ Validation Stage -+« Validation Stage
40
30
@
3
20
10
i AE-Test loss: 0.5109 AE-Test loss: 0.5257
0 e
6 5‘0 lﬁlﬂ ]5‘0 260 2%0 30'0 35‘(] 460 (‘} Sb 160 ]5‘0 260 25‘0 30‘0 35‘0 460
Epoch Epoch

B 13 GSE102484_AE 325 F¥ £ -Loss ¥ U]

IR E 2 (A~ (B)~(C)~ (D)% Loss ¢ SR EZ

]E’ff”

(i ® 4 50 RIAp ¥ Latent layer # &

20

SECE 54

oo F|a i decoderﬁa?]ﬂ:?ﬁiﬁ'lﬁ‘é 4

AE Fp B % LF-

» A A
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F A4 RO ol A_AE BUAT 2 iRk T 0 rPE A FIIFE R % o

# 4 GSE102484_AE 3#% P+ & LF-GENESET Bt 4 ek Flie 55 %

AE # 5% if i+

B

* @ LF-GENESET  ®®

LF-GENESET =

Index & Probe name list

2 236538 at

7 219612 s at
75 214087 s at
90 243643 x at
131 206204 at

Under 200 156
4671 244565 at
4757 1558888 x at
4825 240188 at
4854 230601 s at
4876 242901 at
35 243753 at
90 243643 x at
120 1553622 a at
135 243254 at
189 243175 at
Under 500 341
4924 1565602 _at
4928 209904 at
4930 242931 at
4981 236219 at
4986 236414 at
26 230117 at
29 216238 s at
39 236308 at
83 219643 at
90 243643 x at
Under 1000 560

4949 1562516 at
4951 223484 at
4958 225660 at
4966 232573 at
4990 226622 at

21
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AE 25 1

RS E

X T LF-GENESET * R

LF-GENESET = #

Index & Probe name list

Under 2000

851

9 214612 x at
17 238047 at
26 230117 at
66 243549 at
73 1562821 a at

4966 232573 at
4974 241826 x_ at
4986 236414 at
4990 226622 _at
4993 226846 at

J AR A AL R 2 S k4R 0 4 ¢ enLF-GENESET £ Flie#ic2 # 4 4405

LREREE T 2 % o AR A RER I B R 2

1 g (under 200, 500, 1000,

2000 probes) » & j& 41 7 o LF-GENESET B e x A Flie > A FHE A W2 R p

&g T AR A H A
[ERGE =D BRI N
GENESET & & 2. £ Fl¥5 4+ 8 > &

500, 1000, 2000 probes)m £ ¢ »
VIS TR € L k®

& BT Jearis o & AE © L 3% Encoder # A EE

LAEARFREESHIEE D B A Fe LF-

£ oMtk 2

b
Gl
Ik

22

B RS E 2R 2 PE U E (under 200,

SETRRFRE LT RESLE > T
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3.4 DNN#EHR > Z2HEmEL VT RS

#- AE 325 e Bt iE e LF-GENESET 34 & > 55 DNN #0338 % 42 A 91 5 400 v
& (epoches) s > & #-74) A4 35 R CVH000 2 F 7 &£ 2 45 4 loss 4> e acff 2
ERAIIRE W & ¢ B FEIFER 0 B2 LF-GENSET 2% 7 42 # (Validation
dataset)z& DNN #:3] ¥ & £ FARIT "R FH 2 g R3E4L loss T Bl &
4w JE ot DNN 385 P £ 3 B~ LF-GENESET 7 4gi% 200 ~ 500 ~ 1000 ~ 2000 i% i+ =

g a = )] 2 o o L
(AB¥ETRAB~C~DF B2 #2132 RIFE HIEE 2 loss & AL o
( A) DNN_Model loss ( B) . DNN_Model loss
401 —— Taining Stage —— Taining Stage
‘ ==« Validation Stage ==+ Validation Stage
351 5 4
301
44
251
B 2
E 201 \ 53
154 24
101 ll'
z\k DNN-Test loss: 0.5220 17 DNN-Test loss: 0.4794
g5 { e T T TR TR
Il) 5;) lOIU lSIO 200 ZSIO 360 350 460 (I) Sb lE‘JU lSIO Z(I'.ICI ZéO 30|0 3?;0 460
Epoch Epoch
DNN_Model loss DNN_Model loss
(€ (D) ]
| —— Taining Stage 3] ‘ —— Taining Stage
74 ‘ -+== Validation Stage ==+ Validation Stage
64 8 ~
n |
" ‘ 6 ||
2, w
g4 ‘ g &
34 |I 4 |
\
2
2
1o DNN-Test loss: 0.4519 DNN-Test |oss: 0.4286
T T T T T T T T T 0 T T _ T T T T T T T
0 50 100 150 200 250 300 350 400 0 50 100 150 200 250 300 350 400

Epoch Epoch

] 14 GSE102484_DNN 25 I £~ -Loss & 3]

FTRIA)B)(C)~(D) & sk iE 2 DNN &£ 5% & £ i it {4 Validation 2 Loss
¥ P EART Training P f~ 2 TRRIFEZ loss > B f8 4 » © D% & 2 #A| 3 #-

Test FL & @i » AR PITEREL 244 B > % EIRIFE loss 4piT o

GeneVPNN -7 53,48 B 12 iy 2. DNN g 7R CVH000 #e*d 7|35 44 e e 5 % 2 3% 7% » ¢

“~ F
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ARG FE AR RAPRET A B (Test dataset) » £33 69 £ % 2 CV5000
TALIT SIS E AR L Groun truth Rik > TIFEIERIFFFEEL T
345,000 L 4F 4 fciE St S T A %S S A u i AR AT R 2R R L
LF-GENESET # 423 200(u200) ~ # 423 500(ub00) ~ # 4% 1000(ul000) 2 % 42
i 2000(u2000) B A FUF 4 S 2% 5 27 > %4 4 38 E 2 LF-GENESET #+21' 3 2
DNN #3115 » # A QWA e S Bl A5 EFL 8N A% 8 E B8 R H#

TR E W R R

3.4.1 DNN %5 1 : AE 48 & 2 LF-GENESET-under 200

Prediction of MicroArray probes

200000 4

150000 -

100000 -

number of times

50000 4

~ 10y 10. 20 "jﬂ-iggfﬂ-qaf 50 60, 80. 5 Pt} E‘Gcm 5‘.::-':; 50,

DIfI’[%]_LE'u'EI

® 15 DNN LF-GENESET(u200)%g i385 - & 354 5% & # B 1% B

24
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The predictive performance of Microarray probe value

100 1 :ﬁj;;éeﬁiéﬁ.aﬁ‘ééeﬁaé%mfsg.gné)e.mﬁun.nu

‘BE.22

4~ Cumulative coverage(%) of predictive probes

Cumulative percentage(%:)
=

Ly = “z?’ ko]
v = 3 g
2% = = =%
o ] ka w

Diff.(%)_Lewel

®] 16 DNN LF-GENESET(u200)%F iPl3d2— & 35 £ 5Bl 2 R fFIE RIS E 50 R

= v B DNN 23 | 2 FRIRI3E-£ Szt 1s » TR A TR A B 4 5 0] 3 30%2 #& &
FortAr FEREE T E 95,75 % FERIA FERE B A 5] H0%2 HeE b A7

4 SRR 7 £ 99.30 % -

3.4.2 DNN 3#5 2 : AE 42 & 2 LF-GENESET-under 500

Prediction of MicroArray probes

200000 4

150000 1

100000

number of times

50000 4

= 1oy ﬁ?ﬂgfﬂ 3‘3’-4&;? '593.515{3‘?59 '?G?;ﬂ Sﬁﬁmgﬁﬁl S0s

Diff[%)_Level

B 17 DNN LF-GENESET(ub00)%f Rl3#5h— & 35 £ %% & # & if B

25
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The predictive performance of Microarray probe value

100 1 ’ﬁﬁfﬁ_ﬁqﬁ.ﬁ.?zfﬁ.%?99.91?)9.94&0&%

22

4~ Cumulative coverage(%) of predictive probes

Cumulative percentage(%:)
=

l} T T T
Y% % % B % B B B N
= = w &= ) ) a i -
e o [=]
% % % 2 % 2 % 3 9
Diff.(%)_Lewel
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The predictive performance of Microarray probe value
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The predictive performance of Microarray probe value
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The predictive performance of Microarray probe value
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The predictive performance of Microarray probe value
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3.5. 2 FRIEEIPER T
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% 7 GeneVPNN 10-fold cross-validation result

Random seed of Number of Under 30% diff. Under 50% diff.

split data LF-GENESET cover rate (%) cover rate (%)
111 856 96.74% 99.48%
222 830 96.71% 99.46%
333 874 96.83% 99.50%
444 846 96.76% 99.46%
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Random seed of Number of Under 30% diff. Under 50% diff.

split data LF-GENESET cover rate (%) cover rate (%)
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The predictive performance of Microarray probe value
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# 10 GSE37745 & GSE102484 GeneVPNN FEiR|zF£ % 35 4 v 247 4

sy GeneVPNN of GeneVPNN of g4 £ ¥E
| GSE102484 (A) GSE37745 (B) (A)-(B)
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BANCE 203 LT RS FSA DN B | i S GRS BT -

P AT AR A AN LM GRS BT R s R H R £

R LR RER TR A 2 AR M A TR £ AR A 2 B o
# 11 GeneVPNN LF-GENESET % £ CV5000 & #4p B T3 o W3R &4 % 4E &

vizlh 1% E 79T LF-GENESET (B)ZE(A) Hit Rate (%)
ZE  FEERIEIA) #21Z(B) Hit Probes (C) (€)/(B)
09 1895 911 251 27.55%
08 1930 911 255 27.99%
07 2042 911 247 27.11%
06 2497 911 298 32.71%
05 3359 911 436 47.86%
04 4183 911 634 69.59%
03 4809 911 854 93.74%
0z 4980 911 908 99.67%
LO2 5000 911 911 100.00%

i 4 11 2 #cph # LF-GENESET 22 CV5000 & 4p b i ficim B 4F 442 & A # 35 > 1
B 36 943 A F s AR i B R o

Intersection analysis of LF-GENESET and Corr. probes
6000 120.00%
5000
5000 4809 asss 0 100.00%

4183 99 67% 100 00%
93 74%

4000 80.00%
3359
69 59% 60.00%
2497
2042
1895 1930
2000 ! 47.86% 40.00%
0——!0
32.71% 854 11
1000 27.55% 27.99% 27.11% 1ae 634 20.00%
251 255 247 I298

0 |
0.9 0.8 0.2

Number of unique Probes
%
8
Intersecting Portion in LF-GENESET (%)

0.00%

Correlation_Levels

mm Unique probes of Corr_Level mEMIntersecton probes —#—Intersection propotion in LF-GENESET

®] 36 GeneVPNN LF-GENESET % & CV5000 & #p B# % #icis w45 454 # ]
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d Bl 36 2 st B 4v > LF-GENESET & % & Ap M Tadic s %) (0. 9~0. T) 7 £ 47 F5 4+
e v g 2Tk < JRAGE - B RAP K BdieinZ F1H (gene pair) 7§ &
LF-GENESET ¢ & v = ® » 2 F] GeneVPNN ¢ 71 VR AR B MR e AE A FlpeE A
- % » ¥ ¥ LF-GENESET = # CV5000 % #p B Trlics WF &4 # 7 A vk > € Sgdp
B TR REEE o B AR Ap M s TV AR ET GeneVPN

2 AR B FIPE S 2 B oot a4
4.2 73 3%

EAEREET Y - b2 A FIFIF L E 2 AL GeneVPNN 1553 5 v ehif
Pl o BB SRR Y s BR R 0 AT G A AT A
Eiff,ii?éi,% TAFREIRRE L ¢ FBHMAE S ZRE PR S LSNP,
Single Nucleotide Polymorphism)[18] » #& =~ & 2¥ % GeneVPNN #-7|i& & o #p p¢
A G oep A FICVH000 > P FI B AR A R 2 SNP 3 f 2K P 97ak > fe g
RAVAFREA 2 RFATFIRD P AT BApI M RopRET 0
CV5000 #77 A F1#He Pl E ) » £ 7385% > T4 GeneVPNN 425 2 P R A F) K ik o

4.3 %

-g;;

GeneVPNN & i 2 & 473 & N3 o — ZHCLLY [3k3h - 7 e & aai e
ZFEFL T - @F%AD L E D B RL AT R R 2T
PEELERT T A

e e A

GeneVPNN A& F1 ik 247 44 RIHCR] “T2 B2 FERIGAR » A AFT Y ¢ R L ji
%W@“%@iiﬁﬁﬁﬁﬁﬁﬁéﬁpz»@Gmmeﬁa?#ﬁ{uﬁ%
REA T RT TR LA W“%ifﬁp“”*%%ﬁwﬁ@

R F13 CV5000 423 > f2A 2 A FHRPIEF R 2 TIREIL > 7 v 52 Pg%g 5

BRAFFE T B AL T2 R Bk kR o
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it BB g A2 A kRl F

£ H AP RERER T PO R A op FILA TR RIR T BRG] & GeneVPNN
7 Flm 547 £ R3] 2 AE A2 5 42 & LF-GENESET %4 g2 A& Flie Pl 4 7]
2ZRET ORI FEETRGERET AL R AR S AR FR L L
Je* GeneVPNN Jaim# ¥ 2 5 »c B A 513 CV5000 - et FH = 7 2471 1%
EWeTek F RS -

4.4 7

T
R RFE B ﬁ%{@;f@? BT TR R AR LR FLE > TR ARKRTE
B R T s R s TR G R T ARSI L T o &

T RS L TR R R R TR S L A i 2
FRRFEGF T 2 TR EL S RIS PR R D AR PR AR B
AR T EeFEEH L H 5 A & GSEL02484 T B orjrk 2 $ A 683 &
P R R TR b R TR B 5 15% 0 teprie— # 1Y GeneVPNN -

Ao L FERIEREL S P E R AR ER uﬁ; Bl A 4] A 4 2 A D RFLEE o

r B3 X Lk

AET B 003K 35 % GeneVPNN 454 3 & LF-GENESET % 45> % % & 1 GeneVPNN
HEAITFR] CVE000 P HRA FIH L BB P e ARBFF LR LRV i 2 2%

VSRS VIE R 7 #- GeneVPNN #74& & 2. LF-GENEESET - 4% AL 7

&

Z8 P&%‘i“ A AT EEZ R B R ﬂz@rgb;i:@;gﬂﬁ)% Jolipfes 4 T

ZARHGFT o Mg B L FF & 4 47 GSEA (Gene Set Enrichment Analysis)

a*ﬁl

T 5[24] > # LF-GENESET -tk Flie i 5 GSEA C4 % 2 (Computational

Gene Set) pathway data base 2. - - # Leading edge gsa@r’\ A g g d) e i 7
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