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0 ABSTRACT O

Cancer is a major cause of death worldwide, and an early diagnosis is required
for a favorable prognosis. Numerous studies have shown that cancer is mainly caused
by harmful mutations in proto-oncogenes, tumor suppressor genes and cell cycle
regulator genes, potentiating the identification of cancer based on genomic
information. Although many genes that have been found have major roles in the
occurrence and spread of cancer, the pathogenic mechanisms of gene mutations and
interactions between genes are largely unknown. The identification of cancer subtype
is one of the best solutions for detecting cancer and improving personalized treatment
proposal. In this study, machine learning techniques were employed using TensorFlow
platform to identify the lung cancer cell based on DNA methylation data from the 450k
data platform obtained from The Cancer Genome Atlas TCGA. Machine learning
technique, specifically Random Forest, was used to reduce the number of features in
order to reduce data volume and make deep learning model implemented by
Convolutional Neural Network scalable. This step greatly improved the model’s
accuracy, reaching 91.28%, whereas without applying this stage, the model’s accuracy
was low, reaching only 40.84%.

Key Words: DNA Methylation, CpG, Cancer, Bioinformatics, Random Forest, Deep Learning,
Convolutional Neural Network
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MaxPoolinglD outpur: | (None, 259, 200) l
l flatten GO input: (None, 63, 200)
Flatten ourput: (None, 12600)

convld_26 | Input (None, 259, 200)

:

ConviD output: | (None, 257, 300)
dense_6 | Input; | (None, 12600)
Dense | output: (None, 1)
max_poolingld_26 | input: | (None, 257, 300)
MaxPooling 1D output: | (None, 128, 300)

CNN il 4y (6) Jsad)

Pl LS el dlee el il ol Gaudas -

vanishing Nl JSLie il ellg (ASudd) Oysl dhags Caags :Xaiver method -
Tan 50 Yo lan Bysia (sS3 Y Cumy A0aN) )yl Ligs Al 38 e .exploding gradients
5 Y Jpeagl il ) dlee 2 (e Aagall Cbaal) ety Tag of (e A0 o iny Lo
el

Jare o a9t Cua el dulee (awad Caagy 4sladial 3 :Adam optimization -Y
syl U eyl S alal)
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daa o e cupall jhaa) Je 4asll sl aelus :Learning rate decay -y
Caupaill Lolee U alell Jane Cunnd o Jaxd o o)liil) (e 7z 3satl) (i) ae iaal alaill Jans
(0.9 bl Jaeas esshaa 1019 ) clghadll Jane G o5 eand) 138 8) Ly allis

il Galy Gua @bl (e eda (Ao upall sa :Mini—batch training -¢
Brall dadall aaa Jiay cdanl) ASAN )yl Gawead (B S 90 QL (e Bpira Cilady e
&z isad) iy oyl deyu Ao 55 of oSa Al hyperparameter il cilalaal) o
IS Gle oyl P z3gall ol ddlyes cupnll ddee 3 (128, 64 ,32) clais 3 Lo
cdadd

daeyll dsl TensorFlow Jac ity b keras 4oSe slael & cdag)Y) colgal) gulal
.Python

degena o Dlaglaall o HASH jopahy acs migal el &3 ¢ Sl @bl 2o -
b Aaxnge Sligianll o e e e lgia S (gind duida ik 4 e gging 3 il

Sl Jand)
zisaill dudiall cildudal) ga Cliguand) 2o (5) Joad)
Hidden Layer 1 Hidden Layer 2 Hidden Layer 3 Hidden Layer 4
100 neurons (filters) 200 neurons 300 neurons 200 neurons

COLG &

ReLU hdll e Lpdnll /i DA e (dbde daada IS 8) Sliguanll oda jopad o3

G#a3 &5 Overfitting staill ls ) z3sail Jsaay ade Cangsy cupnll dulee oLii-
Al colgladl)

z3sall (il Cuans 5 Lad cepochs 10 sadd zisalll (3 juiie US Gy v
degana (n lgdde Jgandl 2y Sl (Cross—entropy ¢ sleall aladicd 23) Bledldl aladiuly
.cross validation—5 dsall (e (3l clily

Lle DA e zisalll eldl iy il lie aaa Ao il peie Guls v
Gy 5 a3l ey cmini=—batch 128 slac) &5 . (Aaall (e aaill) skl degana o oY)
75 e gsind 55a¥) dadal) W die 128 lgie S (g5ia3 Bysium lily cilady 6 e 7354l
cZlye 10 il ol 7 3 gaill gl il il de gane and o5 Cua i

G ol Jla (8 0.5 2538 Jalaay aladll Jaze (a5 caladll Janal daaally v
.0.0001 aly 5ol aled Jara ga cepochs 5 ey el 48

oda . Auida Ak JS 2ay (keras 4iSe ailgi ahadinly) dropout=0.25 Ggula & v
35 IS0 ARl 3 Apeanl) WA o s ea Tl o) e s IS8 Jaas Al
z3sadl piar Laa gyl 130 ilen (8 Allaaall Lpcael) LA 030 aalis ¥ Camy i) aLa]
sl Alla ) Jseash (30
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dsgana IS (A (3 aduall Gajlly qupail) ciliby sl asasi dga (6) Jgaad)

Dataset Features Sample size Tumor samples Normal samples Runtime
All CpG markers (450K) 395,722 843 557 286 1:44:08 s
Dataset after applying .
ANOVA RF 1045 843 557 286 36:42 s

cAamnlal) sl e D050l Al puad) AN el HLaal) Glly degene (8 7z 39ail) Jae anii
1(7) JSally (7) dysadl b dnnge il

fold cross-validation—5 g igaill JLas) audi Ganlia (7) Jgaad)

asil) ulia Jaugia (7) JS&D

Dataset Trials Accuracy  Precision  Recall F1 Score ROCAUC 1
1 0.95769 0.95769 1 0.97839 0.5 0.9
2 0.04231 0 0 0 0.5 0.8
3 0.04231 0 0 0 0.5 0.7 B Accuracy
All CpG markers a 0.95769 0.95769 1 0.97839 0.5
5 0.04231 0 0 0 0.5 cg‘? Precision
Avg. 0.40846 0.38307 04  0.39135 0.5 &
st.dev. 0.50137 0.52455  0.54772 0.53588 0 @4 Recall
1 0.93089 0.99685  0.93078 0.96268  0.93206 0.3
2 0.89563 0.99672  0.89396 0.94255  0.91365 0.2 F1 Score
3 0.86601  10.86009 0.92478 0.3422  0.93004 01 I ® ROC AUC
ANOVA_RF a 0.95628  10.95435 0.97664 0.63885  0.97717 l
5 0.91537 0.99839  0.91311 0.95385  0.93989 0
Avg. 0.91283  0.99839  0.91046 0.9521  0.93856 450k ANOVA_RF
st.dev. 0.03431 0.00161  0.0359 0.01971  0.0236

A8y Gunlaa o(7) Jgall maag
Asje IS A laall Ghai¥ly 283 Laugiag fold cross—5 @aaill dale JUA 7 jiall z3gaill
roblall e genal daally
e Al leddl Je Jads Al bl sae @ a9 :All CpG markers (450k) -
e Gadlaiul Llee elia) Gen K450 Laill
O] aladialy Slawd) padladial uk & of aa bl 526 a5 :ANOVA_RF - -
RF 4)saa)) illalls ANOVA
dpaal FEY) el padlatial & Jla b gonl B8y 8 € Cpuaat dgag Jaadls il A5 )lka
CNN 4l e Wlay) a of Ja
Lladll Llally gl gaeall alailly W1 alatill G Lo gan zisal skl o gl ode 8
843 (e a5l (anal) diie il (0 508 A€ e 2l dpdall LA (e Wajudy 5501 Gy
91.28% (Aol 483 g Clisn canil) Ala e b enge 98 LS Llle 2100 7 5iaall 2 3gall (3o - nsye
%91.04 ¢ L s
il 48 liage Cilewd) padlatiulg sagiial) Cllall el shd of Gl &5 (A8l o2 b
) Ol ¥l gl 483 (et 5 Al cdogall Lalogleall 8 grendl aladl) ciligls
K450 (1o dliall Clly degana pladialy
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AL Ul Basgas A3 Ahuse Aallass ¢ S Aie aaa Al oda 8 558 Ll Jads
Al gl al e 81 Jilatl) ddgigag 8y Cpead o elld S e lu . 5agaaal) bl Gy
(Bl) g per i 3B ASaaliny dlae Aldall ddas a7 ¢ slapall Cilaw o 2l Gliall aeas 4
Al hyasal) e 5501 GUaye ekt o Algusall Aliall st 2aad e 158 (e 2an Les

AN Glajys 35 00

rdalifiaall 3@V claliny) Lo

Cliby DA pia dolee (8 axiian 3lly kel Zasalll (e eha @l 5 A8l 08 B
Ala ye) Aoyl ranpall iy A8lia) daes Canall (g Al Al pall 8 L Ladh (o5l aenll (e
oaeall Jie lily xe lgilal€a Sl L Gpally Gaind) ¢ el i L sall Cilaglaal) (anig (a0
dallae shad eha) w4l ) 28LYL Lz dgaill 483 5315 Ciagy Jaall Ly 3 Lgalatialy (59510
Senil wiay Sl dlae (et Chagy ililall Aijlse oy ASaall Llay s o U8 clibull s
Agmadally Al yal) LDAD o st ciliad) sae o Tond 5l (DA Ty Baaas dais s
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