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T Bl FeR ARGew (FA.UAAL CNvs) H & SiHfed IRUeH & aR # udl =aadr & | 9fd &8 WAl
T fSRRRICN TruRs W9 I 8id €, e R IE= BAregfis RS SIHT ST HdhdT & | daqr
WA BT ALTA.AD NS IS AeTor guiF B IR divad fhar 7 & R g8 fFeiRa o= # #1eg e
TP fb S fafderdr ava & arr—arr delt § 9fde arf, fAerT 3R T SaiRal & o1 yfad el 2|
faftrdt: ee—or e MR (TIShd) # faveivonets aRefaferd), waver St # snféhacyd iR g4l
TSI ¥ oid T a9 USRI & M9« HLGA.ILISAM B & oY SRICS TA.SIL.UH STl &l U
BT N Hx foar 2 | At § Sy af+i amenRd urguets o1 fafaxor 8, o eries ta.oh.ed sar 3 9.
TP Tga BT B 7 AT BuHe TiHT B

e I8 AFT ST & & deliidd e Iees” (S UHh.3ME.TH.Ta. FISH) & 3fidbsi & Are, HIgadl.
UEA JAfH FEIH B FhdT & | 399 Alsal TASNUH. ARl & ®e & wu # oy &1 9 fIwm ferh |

TGl BT TR IR, FRe—or e AR, v af, erite AT |

CNYV Deep Learning based Methodology for Recognition
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ABSTRACT

Background: Copy number variants (CNVs) account for a significant amount of genetic variation. Since many CNVs include genes
that result in differential levels of gene expression, substantial normal phenotypic variation can be explained. Current efforts are
directed toward a more comprehensive characterization of CNVs that will provide the basis for determining how genomic diversity
impacts biological function, evolution and common diseases in human as well as plants.

Methods: The analytical variability in next generation sequencing (NGS) and artifacts in coverage data along with lack of robust
bioinformatics tools for CNV detection have limited the utility of targeted NGS data to identify CNVs. Literature has the evidence of
development of deep learning-based pipeline that incorporates a machine learning component to identify CNVs from targeted NGS data.
Result: It is believed that combining this with clinical “gold standard” (e.g. FISH) information, the CNV detection could be more
accurate. This would lead to a new research direction, supplementing the existing NGS methods.
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(Coe et al., 2012) | 3TTSTdHd, Feilfdmel AfeT # AT
A P gdT T D fIT e LSS' BT TR BT

ERBB2+MET quf —vaaiiq fSuirg=T fhy v ga.siigs.
7ot ATRiRIT & A=UH W 1301 ERBB2 31X 1148 MET

AII—AT ARV SUART fHY S q1el e
SIS doxror Y 7 (Freeman et al., 2006) | CiE]
IRURS TIdl | dHael g9 i Rdied (@1 Rdie
> 40kb)| BT TAT ST ST Wehal 2 | {8l U 32
# Bl RATH (<40 kb) BT AT T & forg, TS,
T, SMETRT TRIDT BT AT fHar T 8 | SETETR IR
ArqRg—amenRa faferdt e di e udr o= & forg
SN P e 8 (1) A€ SRR fafy,
P & A9 AR BN & A o+ & fog
ergss de S # uRadH R R axcft @ (2) s
R (MR fafdy, St eiTa wu 9 {9 fhy T A
TR IR IERA § (3) wWfere A (TaemR) fafy, i
g I TATSHE &7 SYANT Bl 2 3R (4) ardeef!
(T os) fafty, o™y pifreraRbhIes U g1 8, e
TR IRUIE & W & forg ded e & e
T BT IR & (Teo et al, 2012) | I20 VR R, TSI,
TH. ST |9 Pl qax aRved &1 yar awmEr w2ie
AT 7 FerRifhae Wae™ @ WU § AT ST Fdhdl
2| AT ST & A1 9 AT BT SYANT IR
A, SR FgaaRer IRTL &7 UaT I T S
T Bl AR of ST 2| BT 81 4, T $ SIIARYe
(Poplin et al., 2016) DI WFARAT 2T 3 TA.gAHL @R
S Bl blcd A & forv fasRid fhar ar o | I8
AFdRAT ST ARARAT S99 # S AT & e b
YT T 8 | SUdRue dRIdT Udh arHTfad el
U39 IoTdT & R WA 3 UbR & Sifvfed
IRUeH B ARERAT ST F Bid A B forg S
QAT &R far S |\adr 2 S gE.UAdn iR wife
s@wﬁaﬁmﬁaﬁa%? 3 I ﬁ,Zhang et al.
(2019) 31 U & U AHRIHAD IR & B &
7 feard § & AadRivT Se1 9 ol Fa) akvew (¥
L) BT D BU A Bl BRI b oy S AT
BT STINT fhar ST AhaT 2 |

HGA.d. Bfd S v S AT & HIIAA
dUd 9Id Ud Ser¥e ol

EH U8l Zhang et al. (2019) & T & WU 1. U=
# 99 dffT @ Sufr @ WIZhang et al.
(2019) ¥ lllumina Nextseq500 TiTWHIH & TeT

dual ST U fhar |ERBB2 & ALUAAL &l aghy
ST 16% U MET & WL.UAEL BT AR STHT 2%
off | TASHGE. U9d WR AERA IREdUl T &
SN § A dftal o giftifea ik qfea wu
H olgd fhar AT | THAME. YA, (FISH) aRumAl &
WO ¥, WA, difvifes due & erie &9 #
ST BhE A Rpeer e 8, gty O/ s
A, B iifea duet AT 77 | 37T H, HHI: 272
ERBB2 3R 63 MET W.y=.d1—uffifea duar @ik 1029
ERBB2 3R 1085 MET .UA.d1 &I AHRIHAS AU ©
dR WR T by T |

FHAXS T DAGAYH AR AHATGOIL

3 fafdr & gduery fafdre o9 a1 eRile o+ & s
FoRl B AfeHT TIR BT FeAyel B ¥ | g,
e THATE Bl 40 1YL B T TLIeS P AT Hs 50
0. fofer § fawrfra e Sar 8, g aner @t fdsr
B IAP SISl B dF 10 UL MARAT BT B
T W & R® 99 F A @F arel A9d B
TS 7 W O R & wu § {1 o 21 ded
JeR | g QR DI g arell dRhdl b1 ST B
forg sqe e 7 & forg Yala faar Siar 2
e HeR <1 A1 #igw H HAIg SIUH & T Bl HH
A B foU s Fax BeAT Bl Atz fhar Tar |
BHIP fSoITgT

WAL BifT TEIRYA BT AN &R & oI Ua
ST WHID TensorFlow BT SYART AT AT 2 |
A€, LeNet—5 fSTRI®HT START MNIST ST (LeCun et al.,
1998) B! THigd B & foTy fpam T o, I Aise
BT YA A, At @ affed w1 @& fog
foar T %I W’q TUd  convolutional W Tdh Jopq
gfelT oRR, Ud SUMTSE oRR AR T I @RE A
PGS Td BId | el A BIeR fSdR BT
IMBR nxn TR A § SI&l HAIRM H n BT A
{3,5,7,9,11,13,15,17,19,21} 3R Uil ufshar % n = 2 &
AHAT 2| U, T T8 A FII g8 oA H 1024
JRI=T B 8 3R A9 gl ook § 2 =R B 8, S
3MSCYE AR & WU H T8 dliigpd IRl & b Huel
Ao —diffed g a1 =21 | $ssSe A &l Ir €{0.3, 0.
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5,07, 0.9, 1.0} TR e fHar AT o, 3iR oR*R &I |
QX TRE ¥ I oI & §re IGT AT | Adam USTRA
BT STINT UfSTe—fSue—aNfeargore fafdr & wu &
fopar T 2 | AfT Xe 1x10—n & ®U F FuilRa fear
T § ST&T n 6T A9 {4, 5, 6, 7) 8 DT & | Aisd Bl
30 Wl & 99 ATSST & AT 10,000 epochs & foTw
gf¥rferg fepar T |

uf3reror 3R B defrse=

HiSel P &HdT BT S & foTg, 272 TH.Sivd —difsifed
3R 1029 TA.SN.UE.—A7fed ERBB2 HUa Ud 63 UH.
ShLua.—difoifed 3R 1085 TH.5.uw.—=9fea MET Ul
gl 2g oy 7Y | ERBB2 CNN Hi€d & URIeTr &
forv 223 T oM T —uifSifeT @ik 817 TA.SN.g—9Ifea
ERBB2 HU 3R MET H1.UA.UH. Hisd & foIv 51 T+,
S —diffed @i 867 TH.SN.gH.—=1Ifea MET Hua
BT TRIATS fhaT AT 8 | ERBB2 W.TA.UH. Hied 3R
MET H1.U9.04. Afsd & UfeTT & fofv sHen 10 Bies
IR 5 Bles HA—deisI fhar 1T |

gfRemH

Zhang ST 9 319 399 1eqy= # Rl duat & 4.
TAA). BT Pl BT B U Th ST AT aIgTersd
Uy fhar vd @) &HaT Bl g fAftray @Y emvdr &
TJ oIl DI | Zhang et al. (2019) ERT Uh A Y
af=7 emeRa fafr faefig & 7€ 81 1 sfetse
HiSll Bl HHI: &I AU STIE, ERBB2 3R MET W
g 3R uieror fham T ® | Ao, LuA.
DI DA B H ALTAA. JANRHA 3 AlE ArSaAl
@ Ghael A& <& Ul AT | giied W
diece U ARy I ol B B THsT Ihl o
IR I fafa=T Jduarl I st T—arerT Afgay § wifeRetgst
IR FHAT © | STl DI &THAT BT JATHT B B o7
YT faT 1T | 399 BTRIvoTTel) # 3=y fafdrat & arfdre
TR uTg S |

ey
I8 wdfafed 2 6 e R o gfdesw o3
AR fderet # s R # 41 A1 9fg & v § T

Bl 2 | e, eaem &1 I8 SrRIvomel dua.4n.
DI Mes s A (FIsH) & 1T fAdax ik W <&
BTN 3ffh TSh WU I DIt BT H HeTH BT Adbell
21 TA.oN.u. fafdR oiR g «1fsr fafd & i aaeuan
WD IAER W, Sl 9gd AP &, g ey fFrepret
T ® fb B @ SNF B HaR B arel A H B
R IRUT BT Udl T & fTT T v SR
BT & | 3afery, S af T urguegs il JaR aRuers
HT Gl S & ferg HAlsaT gAon.gd. fafert & forg
g d5aR X 8 Adhdl o | 3ida: I8 Fspy Marern
T g fe aftia fafr ¥ foad, faoy wu & s
Rfred &1 gam o= # o= fafdl & dgax weel=
PRI & 3R S ANT UTSues Aigfe 3= ALl
g9 & cod ol UHIRSS 3R W uadi-ie |
JER T |
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