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As a result of the COVID-19 outbreak, an effective mRNA vaccine has been
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N19158U5UBILATAIENS (Machine Learning)
~ 1y A o . . & a ~ Y o ,
N9FaILI09LAFR9ANT (Machine Learning) AeszuuRaNnsnEaulianfati
poanuesiagldaniusasdiaindeaasllsunsuimes annnFaufinasuaaindagaating
eawtaeenidu 3dszinn Ae Supervised Learning, Unsupervised Learning,

Reinforcement Learning

Meaningful
Compression

Structure Image

Disc B Customer Retention
oY, Classification

Big data Dimensionality Feature Idenity Fraud

: Classification Diagnostics
Visualistaion Reduction Elicitation Detection g

Advertising Popularity
Prediction

Learning Learning Weather

Forecasting
.
M ac h I n e Population

Growth
Prediction

Recommender Unsupervised Supervised

Systems

Clustering
Targetted
Marketing

Market
Forecasting

Customer

Segmentation Learn i ng

Estimating
life expectancy

Reinforcement
Learning

Robot Navigation Skill Acquisition

nnilsynau 8 dszinnaesnisFanilagiATasans
N https://medium.com/investic/machine-learning
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Rules
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Data sl Computer -Output

Traditional Programming

Data

Output -

Machine Learning

Computer > Rules
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1 o o o & a % ’ o
azagfluanmurnIsinueNadns azlgadayainey (Training Data) usiain tae
WymuAatuanlsznnTauanuaans (Labe)ld tnavdayanldinllnudanasnu

Auduainuunanass antuidayaniesesldnewivliiesesinung (predict)
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1se1nn289 supervised learning agf 2 Uszinm
® N1guLLenlszLnn (Classification)
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3. m'a‘l,?ﬂufl,mum?mm (Reinforcement Learning)
o . o o ] v a [~3 v o dl
N13N1 Action ANHAALIANC ANNILAIATHLUUA wnarlagneda (Reward) LAT84

AZENAARNAIALUNIT Action UARIARZLWUA uaENENENNAZII Action 1TE")
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XGBoost (eXtreme Gradient Boosting)

XGBoost Hlunuuaraasninersuldidndulanidnasudaiunany o fu Inem
puliiFndulaudaziuarFauiainAiauianainresuneuntin e ilesiuauinauan
NINNE uuusnaesazngnrauiiie imaeraNianatnansuliEndulasunauninly
= Y v
Feuzuan

Random Forest

v
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o dl o - . ] [ % 1 % =X
WUBLUA1a897N11 Decision Tree Wae tree 41 Train $INNY (F1QLLE 10 AU DY
11NN31 1000 A1) IneNusas tree azlasl feature WA data W1 subset 384 feature LAY
data MuNA BUUFNABLAIANITA] Wsiaz Decision Tree iMN13ANANITRIIBIFATULEY LAY

@eNNA final prediction

Light GBM (Light Gradient Boosting)

al

Light GBM Ll Gradient Boosting l48ane3fiu Leaf-wise I9au1snannisgoyide
TaAnIndanasnuuLLL Level-wise THAANSTILNUENUAZEAYINIEININNGN

CatBoost (Gradient boosting with categorical features support)

Wudanasnunismauiaasarasainiidalildaunuulamusesa CatBoost
aunsnldeusaniumsnidsnn1sFauiEean 1w Google's TensorFlow 16 @9 Tnaignunsn
Aansiusulslaadnludd wazlidasnisnisudasgadayalimiugiluuueniy wananni
CatBoost fa1x13ndAn iUl suazAdayaudauiniely (Missing Values) iaging
al a a = %
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Cross validation
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. ° ' A ~ . 5 = '

+ validate) AMUIDIATLRAE accuracy ¥3a error(i.e. model performance) i Faegn

= ' = o ¥ o 7 A = ¥ .
dayatn lnunnganeunazin W ldinuedeyanaasy (test set) wsa n13FawS (train) uaz

Neda (test) LULAN884 JLAAZIaL LTIAINITONARDL hyper parameters Mmﬂjﬂ"]w%’ﬂﬁ\l
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INERLiNnguane (Pardi, Hogan, Porter, Llaz Weissman, 2018)

Edison Ong Lazmme (2020) Amundatundlssdnsnwuazlaanse 15 JaTudus

ranasafiinaininlsunlafa 1aldiaTeale Vaxign reverse Vaccinology 19 kaz
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-dl A = % dl . dl o dg/ o v dl Yo
LATANHBNI9EEUITa9LATEN Vaxign-ML AR unau s avinunagiaan s dagu
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aa -dl v 9/AdI 2 a a dld-ai A
Aanaiautiulnangn, usunaunalsa uay xgboost UszANENINNANgARAS xgboost
(Ong, Wong, Huffman, was He, 2020)
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Aan1aiasinesmidnlusaulullsAlanaasuuei Guaiialaidulaumauniaasiules

Tneld35iAsaeananmesatiuayy (Bowman wazALEY 7, 2011)
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azausnulinuar it adng Indiaaeiueuideaw Ifuuuanaesdudeu Tnaiun
N3 1lsv@NENINARY Xg boost ,Random Forest,Cat boost uazLightGBMIntiaznaaiisli
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o e s = aaa o unudrang =
AIAUN T AN ity
LR | RF (XgB[SVM[KNN
e o ' =
1Tq efﬂﬁ&lﬁﬁ]ﬂﬂﬂ?ﬂﬁﬂﬂﬁﬂ
1 RM& under attack: cellular handling of RNA damage 2009 .
1BIBTTLEUE
2 mRNA vaccines - a new era invaccinclogy 2018 mMauiaTwduen fifwe
COVID-19 coronavirus vaccine design using reverse vaccinology and
3 220 \ SN SN
machine learning
4 Improving reverse vaccinology with 2 machine learning approach 2011 /
P o
WINAUNSINBINUATIAIETD
5 Challenges of Storage and Stability of mRNA-Based COVID-19Vaccines 2021 o e e
waadaiufldifuariidua
Deep learning models for predicting RNA degradation via dual
6 2022 GNN
crowdsourcing
Waccine-Deep: Prediction of COVID-19 mRNA vaccine degradation using
7 2022 GCN_GRU uaz GCN_CNN
deep learning
w das = '
dnwTadufidivanasie
8 Research Advances on the Stability of mRNA Vaccines 2023 .
AHAIFLATIATIS mRNA
COVID-19 mRNA Waccine Degradation Prediction using Regularized
9 2022 LSTM
LSTM Model,
= - 5
Aarizvinisld
|artificial Intelligence for COVID-19 Drug Discovery and Vaccine )
10 2020 ToyepnlszRugluntsduny

Development
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LRNUTUARWAILUUNITIRE

v
o o o a o

Tun193481A5l JRAaAHWIAINTadaRatl
1. 91 Literature Review NiNgadag
wpdasya(data set) a4 luanudde
= v
GEIGTGH
=3 aal ¥ v ° k4
Anwdansaieuazaielumalunisinuadesys

Usuqulimauardnlsz@naninaesluing

e o &~ N

Uszifiunaragianuiae

LRUAIANL N WIIUSEUY

W

Train Set Test Set

— W .

Data Exploration

Pre-process

Pre-process

—_— v

Model P Predict

cross
validation

Feature importance
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[y

anndseney 11 Tfagunaliensyuounisaf1auiuaaasuazn1sdnLaansann
n13aAzvidaya Tnaidnainnisindaya (Data) AN Kaggle du1nin1sulsgadasya

= ¥ . o v = ¥ o o & v '
aantdugaFeud (train) wargANAAeL (test) UNTRYATABEUINWINNIE9L LRI el

|
A

ndignnisrrandayalinden (Pre-processing) el ldluntsafranuudnans

= ¥ o

(Model) 911 Cross validation e AN IR LLLANaa9BN4ALA2YIIN13FULLLIANAES 7

pnuaaNsIaInULaaaataldiiluniinwala aznaulddsunisdsunisBmas ivaliilaun

=

dl o aid a a ai o o Y o % dlo =
ﬁﬂuUU@W@@ﬂWNﬂﬁt@WﬁﬂﬁWﬂW@ﬁLmzuquUU@W@ﬂ$hnﬁﬂUﬁ®ﬂﬂH@W@@@UW%?ﬂWﬂﬁ?ﬂN

v

1oy AUan

1AUaya(data set)iiva b luauIae
lun193danieiifidelalddayalnsan1s Openvaccine: COVID-19 mRNA
Vaccine Degradation Prediction a7n Kaggle 1agAanNgaNla1e98nningnaauanune s

WATTNTURMAUN (Stanford, 2020) Tngandayaazitiaiu

¥

. Y = val <
train.json - TAHATALTEUINANTBINTTINUIDYANIAAUIH (Ground Truth)

a

]
=

Usznaudag 5 wmsnresnisindfisendesants deiszylilunisnen 1 edaelefiniy

3

aaa

nieAnmafaiyaiuldfinasdszifiu 3 wesnuen laud U7A%en deg_Mg_phio uaz
deg_Mg_50C
. | o a o P o | & v
testjson - Fannaeulnelidnadnila MMinaadesiuAizesninfivieya

NMPAUTN
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ARANY FIEUALLALAADANY
Reactivity AAINANTD IRl ARl
deg_pH10 Aruulilldaeanisaanafondinistui pH 49 (pH10)
Toeluluun ey
deg_Mg_pH10 A uTullsueen1sdanafauaaa nUN A uunTlime 1
pH 44 (pH 10)
deg_50C Anrdluldldaaenisaanadanasainnisunisnelul
al a dl a =
LNNUEALNNYUUNNEN (50 DIALTALTEIA)
deg_Mg_50C AuduldlFue9n a8t afianaIa nUNA NN T NN
HOUNNHES (50 B9ANLTAITEA)
Id AR NNTULFAAZFIDENS
1 o [~3 =K o o 1 dl U b
seq_scored ANRNUILLE N AR DA UIWAT AU B LT IR L ULADE
b 1t
ANNUNE]
seq_length ANHENIURIAAL
Sequence ANAU RNA N1999NN 109 A, G, U bay C a1U5ULARY

RIRENg
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nszuIUnIsAIsIatayaliiassu (Exploratory Data Analysis)

v

BIGHE

772U Signal to noise AL SN filter

Siuneusasialiil
1. ge1
2.
3.

a < 3 [ >
ATUAUIRITANALAT LTA Summary URILARZADANY

RIIRAaLANRALNTEREdA RN

Summary usiazAaaNY LAY AINAAELINEAZIBEATRITaYA
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| N oA & & \ o A -
M?Qq@'ﬂuqqﬁl@%{@ﬂ@Qquqﬂﬁ?@@jﬁyﬂqﬂu?ﬂiﬂ Iﬂﬂﬂﬂ%@‘qmuimﬂﬂq?@jmﬂqﬂﬂﬂﬂ

wazpatnrasieyadnisznaudiseslaieluusazaadn

<class 'pandas.core.frame.DataFrame’>
RangeIndex: 2400 entries, 0 to 2399
Data columns (total 19 columns):

a

dnr1atiAfugutesteyadissyN e usunIsiuLLAaed lux

¥

#

'
0N R W ©
'

Column

sequence
structure
predicted loop_ type
signal to_noise
SN_filter
seq_length
seq_scored
reactivity_error
deg_error_Mg_pHle
deg_error_pHle
deg_error_Mg_50C
deg_error_5ec
reactivity
deg_Mg_pH1@
deg_pHle

deg_Mg_50C

deg_5@C

Mon-Null Count

2400 non-null
2400 non-null
2400 non-null

dtypes: floate4a(1), inte4(4), object(14)
memory usage: 356.4+ KB

index

count 2400.000000

mean
std
min
25%
50%
5%

max

1199.500000
692.964646
0.000000
599.750000
1199.500000
1799.250000
2399.000000

floatea
int64
inte4
inte4
object
object
object
object
object
object
object
object
object
object

nawlszneu 12 paHndesa

signal_to_noise
2400.000000
4.530456
2.835142
-0.103000
2.391000
4.442500
6.294250
17.194000

sN_filter
2400.000000
0.662083
0.473099
0.000000
0.000000
1.000000
1.000000
1.000000

seq_length
2400.0
107.0

0.0

107.0
107.0
107.0
107.0
107.0

ndsznay 13 g Summary I89d@LA

seq_scored
2400.0
68.0

0.0

68.0

68.0

68.0

68.0

68.0
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Mnisngragauaaziatngedtioyalunisanageiinnndasldeulag

o/ 1 o ! dl
ENFAIDEUINNT 1 AIBEIN mugﬂ‘w 14

One_sequence : GGAAAAGCUCUAAUAACAGGAGACUAGGACUACGUAUUUCUAGGUAACUGGAAUAACCCAUACCAGCAGUUAGAGUUCGCUCUAACAAARGAAACAACAACAACAAC
One_structure : ..... CCCCannnns D R (O L 3 e s T T (I 3 ) ) P
one_predicted_loop_type : EEEEESSSSSSHHHHHHHSSSSBSSXSSTTTTTSSTTISSSSSSHHHHSSSSSSTTSSTTTTISSXXXXSSSSSSSHHHHSSSSSSSEEEEEEEEEEEEEEEEEEEEE
One_reactivity : [0.3297, 1.5693000000000001, 1.1227, 0.8686, ©.7217, 0.4384, 0.256, 0.3 , 8.21 2, 0.3583,

ndszney 14 atsresteyaninaadany

EA"43 Count waz len TunnsiuanuauiaaalanAwsn 68 (Aaenuslualsduans

BLLA 107 ARBNH:T)

len(One reactivity)

68
Counter(0One_sequence)
Counter({'A": 45, 'C': 23, 'G': 19, 'U": 28})

sum_one_sequence = sum{Counter(One_sequence).values())
sum_one_sequence

le7

Counter(0One_structure)

Counter({"(": 23, ")': 23, ".": 61})

sum_one structure = sum(Counter(One structure).values())
sum_one_structure

1e7

ANsznas 15 N3 A4S count LAY len
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MFIAAAL Signal to noise LLag SN filter

Signal to noise NNANERIEIURTY YA AT U UTLNAU (W38 SNR, S/N) LAz
wansAdund1ezedny g rumandrysyrsunawiunisdauansgiun ldinasialyly
o all dl % d?/ b3 a o ¥
Aryrynianndgaiiesangaindugnanauainuanimeassluieslfimnig seenis
a5LNE9 1A IR UTUReUN1TATLIANATININUAY

Tudouaes SN_fiter Hldia1dun1snsaaaeudndunaun1sAILANANN NN

(RGN

Signal/Noise SM_Filter

0144

o1z A

010

008 4

Density
count

006 4

004 4

00z 4

00o

0 5 10 15 20
signal_to_noise SM_filter

nndsenau 16 AUU SN_filter Lay signal to noise

¥ 1 1
a o A

a o 2,/ Adl v ! . .
Tuanuiean AR AURIL 'l’J‘NVIfII‘VN 5 AMNANITINN 1 AANNINNA -0.5 Signal/Noise

1 v
%

waed 5 Marladawnnndd 1.0 wniduldmucenla SN_fiter azwindu 1
angU7 16 €anu signal_to_noise HABENGN - 0.5 waz SN_filter Ny 0 @9
a1aazilu outlier MAnTY Tag signal_to_noise H1NN31 1 AU3U 2096 Fiaeeing ,SN_filter

WAL 1 A191 1589 ARAging
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¥

dayarneulsznausaaanen sequence 107 Wil deyantamaseudauligy

AAnueng sequence 130

3000 -
2500 -
2000 A

=

=

g 1500 4
1000 A

500 1

130

=eq_length

NUsEnau 17 AMUINAYINENT sequence 1a3anagaL
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MAFIAADUANLRALNITLALFANLUDILTNUNE
NIN1TATAdaUARAtN1tasdattaadL 1N s Iae e LW AR L

o 1

nsdeadaaneuarnIRinLiseaziingaganAusiuans sequence Tnaanizi pH10

a

FINLN 18 AnnnIIAziiuANANTUEIE U999 Hge 50C uaz pH10

a

Average Target Values (without Mg) and Positions
30 — rmeactivity
— deg_50C
— deg_phl0

10

05

D 2 4 6 B 112 14 16 15 20 22 24 26 28 3 32 34 36 B 40 42 44 46 48 %0 5 54 %6 58 60 62 64 65
Pasitions

o 1 dl (3 o [ ¢ 16) & a A
nwidsznau 18 ﬂﬁuqmﬂqLﬂ@ﬂ@’]ﬂi‘Uﬂ‘ﬂﬂNuLﬂqﬁ&l’]ﬂLLUUiMIﬁJLLNﬂULGﬁHN

wazluannznsldunniidaudan lnadaulunjusa deg_Mg_pH10 aziinnsaans

1 v 1 1
FaNINN99 deg_Mg_50C e 2 Raulaiauduiusiuatnaiuladnaingili 19

Average Target Values (w Mg) and Positions

— deg_Mg_50C
deg_Mg_pH10

o = /\N\,\_/_\‘x
0 2 4 6 B ID 12 14 16 15 20 22 24 26 25 30 32 34 35 3 40 42 49 45 45 S0 52 54 56 58 G0 62 64 66
Positions

Awdsznay 19 AunnAaata1usUAa ANl N gL TN RiT e N
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AnmIENsasuazasstuaa lunsinuadaya

' v
4 a v A

-] v al a ¥ % E%

undayanlaainnszuruprandeayauilinaaaulunalasuidanldluing
wWiauinauiuienum 4 Tuina Aa Xgboost 14w Baseline ,Random Forest, Catboost
WAz LightGBM lun19feAInisnfines LinAla 5-Fold cross- validation Waznin1sulsy

TuaNaI AN NRas NIz aNaaen131E GridSearchCV

NAFAUNITILULAINADIALNALA XGboost (baseline)

o A o L. | o ~ 1 . = 1%
{uuuudaiaeeined Decision Tree Nnsafiulnenufias decision tree azi3eng
1 ¥ dl = = v 1 dl o = =K
AN error A9 tree NOUNTN LHARNNNFFUUITUBY tree FBLILAITUAUNANANNINNE WAL
TumaazugpBeufilalimaagluuunes eror a1n tree nauutin lAEELEUAY

xgb = XGBRegressor(
subsample=0.8,
colsample_bytree=6.75,
reg_lambda=2,
reg alpha=1,
random state=28

)

params = {
‘estimator n estimators': [ 800, 900, 1000],
‘estimator__learning_rate': [@.1, @.25, ©.30],
‘estimator__max_depth': [3, 4, 5]

ANLTENaL 20 N1INNUUAAINIIIRIADTINATIA XGboost

gs.best params

{'estimator__learning_rate': .1,
"estimator max depth': 5,
"estimator n estimators': 8ee}

MsEnan 21 W1RRa eann GridSearchCV lumaTia XGboost

NARAUNITVILLLAIRRIA2LLNATRA Random Forest

FuuLLs1a89718in Decision Tree UANE°] tree 11 Train 390U (é?”\uuﬁi 10 F11 D9
NINNI1 1000 F) Tnefiusias tree a2 1431 feature uax data U subset 184 feature WAL
data ¥ wuLgNAauAIANITRl weaz Decision Tree N1NMIAIANNTIUBIFAINWLEY WAL

@BNKA final prediction
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rf = RandomForestRegressor(random_state=42,verbose=1)
params = {
‘estimator n estimators': [ 1ee, 206, 300],
'estimator max depth': [8, 9, 10],

¥

reg = MultiOutputRegressor(rf)

# Perform 5 fold cross validation on set 1 features

rfr = Gridsearchcv(estimator=reg, param_grid = params, cv = 5, n_jobs=-1, scoring=custom_scorer)

ANLTTNAL 22 NNTNITINLABTURINATA Random Forest

NARALNITIILULANADIAIULNATA Catboost

Wunuuataesnisaanisdmitguantifannnaauy 19suautaie mauiy
o asK . . dll di a ¥ .o A
§an8351 Gradient boosting 84 < tada nAMaNLAN191d Oblivious Trees 172

Symmetric Trees e liluinanianulamiaau

[ 1 cbr = catBoostRegressor(random state=28)
params = {
"estimator n estimators': [ 8&ee, %ee, 1000],
"estimator__learning_rate': [0.1, .25, 0.30],
"estimator__max_depth’: [3, 4, 5]
B
reg = MultiOutputRegressor(cbr)
# Perform 5 fold cross validation on set 1 features
cb = Gridsearchcv(estimator=reg, param grid = params, cv = 5, n jobs=-1, scoring=custom scorer)

ANUIENaL 23 N1IANTUUANIIHRRTIRINATIA Catboost

NAKAUNNTVLLUARRIAENATA Light GBM

\{umsnidsn gradient boosting framework N3m3a, lsz@nsnngalaelddaneson

o ~ o 4 A = oma =
RNHNQRQ$QWUﬂq?Wﬂugﬂ@QWW@Qﬂu’1@ﬂNqﬂNqﬂ1%Qﬁﬂq?uﬂﬂﬂqqﬂﬂﬂﬂﬂﬁ17688

FOLD N = 5
gkt = GroupKFold(n_splits=FOLD N)

params = {'objective': 'regression’,
‘boosting’: 'gbdt’,
‘metric’: ‘rmse’,

‘learning_rate': @.e@5,
'seed' : SEEDS}

nneznau 24 NIANUUANIIINRATIANIATA Light GBM
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USuaulninauazinlss@NEnnaauuLaNaas

1%

= dy va = a o 3 ¥ o dlddl
TunsAnmil q]’IJ’QEIL‘ﬂﬁ“EI‘LIL‘1/IFLI‘1_ILL‘LI‘LI'Q'WN@\WN 44Uy LL@Q%’]TNL@Z\]W@WQ@I‘H

13ae1alun feature importance WaMNANLMNN NN TEiaeI@AE

o

AU TRNUSUA NI TR P FUAN TUNNT4 51 LU LA AN 1 UL A9

learning_rate Hyperparameter AdLIANLISL Weight 1w Step 1aen1silnelu
n_estimators weight function Nl RNl ukazRINLNe
subsample TndaupessinatwdeyaduiiGaus

colsample_bytree  dndqulunisguaaanil

reg_lambda L1 regularization tJusiagnniin weight
reg_alpha L2 regularization \{Jusiaamntin weight
max_depth wesni M inseaslu tree

= [ a 5 = dl
LLﬂzﬁJﬂ’]ﬁ‘ﬂ?UﬂuW’\?’]HL[ﬁ]‘ﬂ?ﬁ"]ﬂ@&‘ﬂﬂ@ﬁnﬂmﬂ?%‘m 2

;1379 2 WadwasmsnzanaesusaclinalunldlunisGeuy

ITERT LK ‘IN’]%‘”ISA\ILEI'E%‘:

XGBoost learning_rate: 0.1,
n_estimators: 800
subsample=0.8
colsample_bytree=0.75
reg_lambda=2
reg_alpha=1

Random Forest max_depth: 11

n_estimators: 800

Catboost learning_rate: 0.1
max_depth: 8

n_estimators: 300

LigthGBM learning_rate: 0.05
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a o a [ c d‘ a aal a 4 1
ﬂ’]i"]Lﬁﬁ‘qﬁi‘ﬂLL@Zﬁﬂﬂ‘ZLNuN@ﬂWﬁLW@Lﬂ?‘ﬁlllmﬁl‘i_li&l Lﬂ@@iﬁi‘ﬂ')ﬁﬂ’]ﬂﬂ?‘ﬁmL‘VI‘EI‘UG]QEIV’]’] mean

columnwise root mean squared

MCRMSE (mean columnwise root mean squared error)

TmednFils1a19130ATWIR root mean squared error (RMSE) a3 laussnnig
s R UANAALIEINILNITANAALILIBIT WATNIIANANITRINAE AN TaNAY Tunsel
189n17ua949% OpenVaccine 1A ndufasniuresnsn1sdesaaantelfaulavans

1/3vn19 19132 1AA1 RMSE NUANANNAWAANEAT NINANEIMSULARTARANL]

2
— /1 5
RMSE = 23, (V; =¥ - .

v v
v o [ - v o

a1l MCRMSE ulfieA1ade189A RMSE HaUNAG1MSLuAazAaan i 1a9is A9

K o ¥ a a v o a 4 dtﬂld o &
EIALANNTn Ll AINNTLsTIRUAY WJLZ‘]?JL@EJ"JVL@ Wi lUNIINRMAENAANS

— 1 N 1en 1V 2
MCRMSE = Ezjzl\/ﬁzizl(yij_}’ij)

(2)
ﬁm:(Stanford, 2020)

anaunisfauls N aeduausulsildanannsal
N A9 AUIUTBITANAADY

Fautls ¥ wazsouls ¥ AsAasauazaiinumnenugifuAegae
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NANITATLEUINUIRE

=2 o 1 = v =3 = dl Yy ai o
TUN19ANEINNIINTUIANANNLAT 1R ATUEN AN TLA LS Gﬁﬂi“ﬁﬂ@ﬁ;lj@mﬂ’)ﬂurﬂ?

[ %

RINNTEiRLAALLAYAILMINNNTtiatAaNT89 RNA aa9dayanlaainguay Kaggle 34y
LA o =3 :/, 1 a o A
IiadelnanisAnsdunausiie nnqatlszasdlunididupe
1. ANHINIFAFLLLANAAINITNNUILAIANNLAT LIRS AT ULENaNFIEWad U TR
TAm 19 AERENNIFLITR9LATENANS

2. uRsumMsUINIaINWIIANIAT 89 THIAAN 19 TUSIATENANS

nan17LTauauAT MCRMSE ann baseline t@A1 MCRMSE 0.4751 111 iNa 11
wAllA Random Forest Wa% Catboost N1 1H91ULAZUINITIRIABTAMNIZANNLINAN
MCRMSE ana<idniiaaaa 0.47465 waz 0.47428 ualila’ld LigthGBM WuU31A1aAaIa1N
baseline -A@ 0.31265 18 A1 MCRMSE fiaguanaldidiudninaim LigthGBM N A

= A ¥ A a A = A AR
AINARIAARRUNABUTNIANIIMATIARY TILAAIRINAINLTENALT 25 feruasliing
ANEN N ULENNIN

3

nagRagasaenmeaiailunistinldun Feature Importance Al

u

A1 MCRMSE vasusazlung

0.50000 0.47510 0.47465 0.47428

0.40000
0.31265
0.30000
m MCRMSE
0.20000
0.10000
0.00000

XGBoost-Baseline Random Forest Catboost LigthGEM

Aisznan 25 A1 MCRMSE 2890A8ZWILANA D
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N19%1 Feature importance

'
& o

Feature importance WuReddungniauldiiauandn feature laniuase

a

v
[ %

wuLAaesiaginN e Uiy feature 87 lunsmaaesifadesinuuuanaed LightGBM ld

111" Feature importance Tnainnyun parameter mMunnilsznay 26 Aail

def feature_importances (self):
it self.model type == 'lgb":
return self.model.feature_importance(importance_type='gain')

nNLsenay 26 parameter 284 feature importance

1Jaqel (importance) fdenaraslsz@ananmluniavnunasnInistiataan e
sequence asiiavun 5 17l
1. NN9LNA reactivity
nateeganelinenn T duunii@eand pH10
nsslasigansing pH10 agnaReg

nstiesaanslpanisldunniifananmni 50 aeALTaEe s

o A~ LN

nselaaaa eaNgmu ud 5009ANLTALTa A 19LA 89
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Feature @9:a129U32@NEN 1N IUN1IMIUNEERIINITERLAANEURN sSequence LALNITLAA

= '

reactivity 1 ugaui(Fandn structure (@auinl3ldlun1sdugananes e fiduie) 1A

importance 4714A 999aINABAIUEY a1_sequence a3 27

reactivity

structure
al_sequence
sequence
bd_sequence
bl_sequence
a2_sequence
a}_sequence
a5_sequence
predicted loop_type
a3_sequence

b5_sequence
al_predicted_loop_type
a5_structure
bZ_sequence
b3_sequence
bl_structure

ad_structure

feature

b5_predicted_loop_type
b2_structure
b4_structure
b5_structure
a?2_structure
b4_predicted_loop_type
al_structure
a3 structure
a5_predicted loop_type
b2_predicted_loop_type
b3_structure
a2_predicted_loop_type
a3_predicted_loop_type
bl_predicted_loop_type
a4_predicted_loop_type
b3_predicted_loop_type

|

10000 20000 30000 40000
importance

nnleenau 27 Feature importance 1849AN reactivity
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A , a a o o \ o N A
Feature ‘WmN@lﬂ’ﬂﬂﬁ‘t@‘i/lﬁﬂﬂWhAﬂﬂﬁ‘Vl’M’]ﬂ@lﬂﬁ"lﬂﬁiﬂ@ﬂ@@’mtmﬂmﬂﬂjLLuﬂuLeﬁﬂNw pH10

i 1
=

\udauiFandn a1 sequence HA1 importance §94m wuri ANgUN 28

deg_Mg_pH10
al_sequence
bZ_sequence
bl_sequence
aS_sequence
sequence
predicted_loop_type
a?_sequence
#l_sequence
b5 _sequence
a3 _sequence
ab_structure
bl_predicted loop_type
structure
bd_sequence
h3_sequence
v al_predicted_loop_type
2 ad structure
ﬁ b2_predicted_loop_type
al_structure
b2 _structure
bl_structure
a2_structure
a3 _structure
a5_predicted_loop_type
a2 predicted_loop_type
b3 _structure
b5_predicted_loop_type
b5 _structure
b4 _structure
b4_predicted_loop_type
a3_predicted_loop_type
o4 _predicted_loop_type
b3 _predicted_loop_type

10000 20000 30000 40000
importance

=]

nwisznau 28 Feature importance 484/ deg_Mg_pH10
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WNeNaginmen HndaunEandn b2_sequence TNNALIXNTN a1 sequence ANNFLT 29

feature

deg_pH10

b2_sequence
al_sequence —

a_sequence
b2_predicted loop_type -
structure -
a5_sequence -—
al_sequence -—
b1_predicted_loop_type -
sequence
b5_sequence
bd_sequence
a3_sequence
b2 _structure
a5_structure
b3_sequence
bl_sequence
predicted_loop_type
b5 _structure
al_structure
bl_structure
a2_structure
a_structure
b3 _structure
a%_structure
b4 _structure
a5_predicted_loop_type
ad_predicted_loop_type
al_predicted_loop_type
b5_predicted_loop_type
a2_predicted_loop_type
b4 _predicted_loop_type

Eiiastasatl T 111

b3 _predicted loop_type *
a3_predicted_loop_type =
0 20000 40000 60000 80000 100000 120000 140000 160000
importance

nwieznall 29 Feature importance 218441 deg_pH10



Feature N&8anava9ts@nsn1nlunimnuiadnsinistasaatalnanislduunilimes

38

AIUNYH 50 avATalitg AB b5 _sequence TANAINIARAILLAY a1_sequence ANFLIT 30

feature
""“"“"“lll““lllll|||“|“

bS_sequence
al_sequence
sequence
a5_sequence

bl _seguence

structure

ad_sequence
a2_sequence

a3 _sequence
a5_structure

b2 _sequence
bd_sequence

b3 _sequence
ad_structure
predicted_loop_type
al_structure
bl_predicted_loop_type
al_structure
bl_structure
b2_predicted_loop_type
al_predicted_loop_type
a3_structure
b3_structure
ab_predicted_loop_type
ad_predicted_loop_type
b2_structure
b5_structure
b5_predicted_loop_type
al2_predicted loop_type
b4 _predicted_loop_type
bd_structure
a3_predicted_loop_type
b3_predicted_loop_type

(-1

5000

10000

15000

deg_Mg_S0C

20000 25000
importance

30000

3000

40000

nWigznau 30 Feature importance U84/ deg_Mg_50C



39

Feature N@enana3LlszAnninlunisinunadnsnisteaanafgouugil 50 a9 LTaLTes

1 = A A ] = 1 o dl
ALUNLALI AR b5_sequence TANANNIADAIUNAN al_sequence ANLTUNL mugﬂm 31

feature

b5_sequence
al_sequence
a4_sequence
bl_sequence
a5_sequence
structure

a2 _sequence
sequence
a3_sequence
b4 _sequence
bZ_sequence
b2_predicted_loop_type
b3_sequence
a5_structure
al_structure
b5_structure
a4 _structure
bl_structure
a3_structure
predicted_loop_type
b3_structure

4
g
@

b2_structure
b5_predicted_loop_type
bl_predicted_loop_type
a5_predicted_loop_type
al_predicted_loop_type
a2_predicted_loop_type

b4_structure
a4_predicted_loop_type
al_predicted_loop_type
b4_predicted_loop_type
b3_predicted_loop_type

deg_50C
1
1 —
[ —
I
I

STTTERRRRARN

5000 10000 15000 20000 25000 30000 35000 40000
importance

nwisznay 31 Feature importance 189A1 deg_50C



uni 5

asUnanisIae aflsananastaiaualus

Tun1934 AN AN EINIIAFITULLAIAB9N1TVIBIRAIANNLAT T
v o c @ °o o = Y aa oy I ° =
Jamudnenfiduieduiulsalaidn 19 AIETEN19EEUIIBLATAANITINNNA 4 LULR1ABY AB
Xgboost ,Random Forest, Catboost Waz LightGBM 1M1naANANNIANE s 189 ATENET
dutedmiulsnladn 19 Tadudnsinistesaanaluaniozsne Inalduannisaes
MCRMSE anxnsautisiadalunisagilualansield
1. a7UNanniNY wa anLsuNanIIIae

2. dalduankuy

5.1 #491nan1994e uaz anlsrananisian
Srdusfioinefiduaidunilslunaluladfigninandlunisdesiunisuns
sznnvedlsalain 19 eedrdusiaifilszansnmluntsdesiulsalagets 95% siAduil
ﬁﬁmuﬂmiﬁmuiﬂjmLﬁ%ﬁﬂiﬁmm 4 Wiyl Aa XGboost, Random Forest, Catboost Ua¥
Light GBM 1l1n13711neimanuLd D 8518413808 480818981 A U1 FL8ULe LABAINNANIS
nanasnudn luiaanisieufrecriesinaaiie Light GBM Wlusasinunefinfignlneded
Mean Column-wise Root Mean Squared (MCRMSE) vinf'u 0.31265 dlefauiy best
score 184 challenge @@:1’7‘; 0.23162 AINNIAUASIR AN REITLINATIATE LightGBM
wudﬂgﬂiﬁummﬁ'mﬁuma identify tissue-specific genes lALA19BIAININULAY Zijie

Wang wazAnde (Wang, 2023) 14 parameter ‘gain’ lun12Aumnguaniseesineg wasiiy

v
o o

wmaRAfunziuruInedeyantANeeslseunuile Bniefaes LightGBM fil

a

Aanasnu Leaf wise Ieansnanni1sgoyidelininnindanasny Level-wise Adtiuasinay

o

Humenan LightGBM TinaansnAaudaandinatinaw) uasidatinunmdaugnAmyid

o

natulsransnnwaaslunaaz lemIumn1 93



41

§11374 3 Feature Importance N&NATUNAATRIULAATLTNYNE

Target Feature importance
Reactivity Structure
deg_Mg_pH10 al_sequence
deg_Mg_50C b5_sequence

deg pH10 b2_sequence
deg_50C b5_sequence

N3 Feature Importance wAaziladsavzanuuaimLsrastnanfidue T

. Y # 2 AV Er.. s - o
nstiaaaataiuansneiull anuanlaaziiunlatng iladagnmnil 50 asraadaauay
Tadegounni 50 aamaamaa luwnniiden sequence NHKAsaLszANEN N0l AR

i & P . o B 2o e
sequence LAtTUAS b5_sequence TuiduAsnuraulanansliisiudndluresdimnnng

ATNYUNYHAIB1AATHUAABNTELAAAINTBY sequence ATLMUIAINAIITUNLAY Lazan
y o '

o W Ao ' o o v o o
@qummﬂﬂmqﬂig\liﬂﬂ@ al_sequence eﬁQLﬂu@un]NN@'ﬂﬁluﬂumumuj ﬂ@ﬂnﬂﬂqr‘Qﬂ ﬂ’\?slfﬁ

o

FN19FUUFI09ATRIANT IWIARRN AT MCRMSE agilsznnns 0.31-0.48 nasldnaiia

o 1 =

FINA1IN AN IUNI AN A NIELA LU IE ANTNINUBRINITAUNL T ATULE NN FLA UL

=

dl a ] a o d’ dl dl ¥ dl a o d” ' v o [ =2
nanusuazNNasaniTIAe a1 7] NEIABN LUAIAINITUINEUNN PAUATIUTLNITANEN

o '

LUUA1aa9N ldFufauN N N LT UIAL LAY LazuIdiunNNanan et datuay

v S @ - = = X v A o = o o A =
pauLENaNfiaue Funealiatienagnldinennaaudnnsasineauansuiliaiosaanly
134t 1l4uaa049 Public Leaderboard andguau Kaggle e lilufsauimauiunanimaans

dl = A o 1 1 a cY dl o
@ujmm%zmmummlﬂmmmmammmmwmu@ujﬂ?xﬂ@mu

5.2 AaLAUDLUL

¥ 1 !
daaninasuiiinuAeAueresaduresiuanadnenfiduwenldaauenn

P luanuddeiiegszudne 107-130 gruuaziiudeyangnanaesauluiesdjimnisneld
! v
= o

Tunsmaaay 1u°nm:ﬁ5ﬂ%u 1P3m 19 ﬁLLﬁ@?‘Qﬂ’WEﬁNﬂ"J’]Nﬂ’]’W}\?LW]‘ 3,000-4,000 31U LANA
dal Y & 1 o a KR o o 1 = % a o dl 1 1

mmmuuumm\ﬂumum@@ﬂmmumimu’mmﬂmfmmmLﬂuiﬂimmmﬁﬂﬂmw noeeu

a1 Tuseudnanszuaunigiae sgnanenisseunnaaslsa %Ql%ﬁ‘ﬁfﬂ:ﬁﬂ”l’)Li’]ﬂaﬂﬁ\‘iﬂ@"n‘ﬂqf‘ﬂ

-3

dotlunside lantulunisinannudnlawsuailematauanasresinanadnenfidy



42

a ! o dd‘ dl ¥ o T QI 1 dsj
wuriakazdaglunisimuimalulagninasdes Inaudaduededednanuilazidy
dezlamifeininemansdeyanuau - lunisafenisaianisaiaauluewian lunis
futpuanasninaesinduidnenfidueasepdudymnlasunisdmanawinlsnszuin

v = % dl v a vAa 1 dl o ¥ 1
nsuityuilaenszusunisFaufrennsesazgnidludeslfifinae deunazindng

A oo ~ \ o A Ao - v & A
ﬂqﬂ@qm@qﬂﬂﬁ‘?ﬂ NRLINN1TAREIATY MRNA LL@z@\?NﬂUQﬁsﬁuV]NﬂQ’]NL@ﬂﬂ?iu@jLﬂuLWﬂ

Tasiulasfa SARS-Cov-2 @atdulasanidusdaonalsnlinidn-1g



UTTtUIUNTH

Amgad Muneer, S. M. F., Nur Arifin Akbar, David Agustriawan, Setyanto Tri Wahyudi,.
(2022). iVaccine-Deep: Prediction of COVID-19 mRNA vaccine degradation using
deep learning,. Journal of King Saud University - Computer and Information
Sciences,.

Arash Keshavarzi Arshadi, J. W., Milad Salem, Emmanuel Cruz,. (2020). Artificial
Intelligence for COVID-19 Drug Discovery and Vaccine Development.

Bowman, B. N., McAdam, P. R., Vivona, S., Zhang, J. X., Luong, T., Belew, R. K., . ..
Woelk, C. H. (2011). Improving reverse vaccinology with a machine learning
approach. Vaccine, 29(45), 8156-8164.

Cheng F, W. Y., Bai Y, Liang Z, Mao Q, Liu D, Wu X, Xu M. (2023). Research Advances on
the Stability of mMRNA Vaccines. Viruses. .

Eternagame. (2020). How to build a better vaccine from the comfort of your own web

browser. ALUAUAIN https:/medium.com/eternaproject/how-to-build-a-better-

vaccine-from-the-comfort-of-your-own-web-browser-233343e0210d

Florindo, H. F., Kleiner, R., Vaskovich-Koubi, D., Acurcio, R. C., Carreira, B., Yeini, E., . ..
Satchi-Fainaro, R. (2020). Immune-mediated approaches against COVID-19.
Nature Nanotechnology, 15(8), 630-645.

Mackenzie, R. J. (2020). DNA vs. RNA - 5 Key Differences and Comparison.

https://www.technologynetworks.com/genomics/articles/what-are-the-key-

differences-between-dna-and-rna-296719

Ong, E., Wong, M. U., Huffman, A., kas He, Y. (2020). COVID-19 coronavirus vaccine
design using reverse vaccinology and machine learning. bioRXxiv.

Pardi, N., Hogan, M. J., Porter, F. W., ilaz Weissman, D. (2018). mRNA vaccines - a new
era in vaccinology. Nat Rev Drug Discov, 17(4), 261-279.

S. Asif Imran, M. T. |., C. Shahnaz, M. Tafthimul Islam, O. Tawhid Imam and M. Haque, .
(2020). COVID-19 mRNA Vaccine Degradation Prediction using Regularized LSTM

Model,. 2020 IEEE International Women in Engineering (WIE) Conference on


https://medium.com/eternaproject/how-to-build-a-better-vaccine-from-the-comfort-of-your-own-web-browser-233343e0210d
https://medium.com/eternaproject/how-to-build-a-better-vaccine-from-the-comfort-of-your-own-web-browser-233343e0210d
https://www.technologynetworks.com/genomics/articles/what-are-the-key-differences-between-dna-and-rna-296719
https://www.technologynetworks.com/genomics/articles/what-are-the-key-differences-between-dna-and-rna-296719

44

Electrical and Computer Engineering (WIECON-ECE).

S.H.Ing, A. A. A. a. S. K. (2021). Development of COVID-19 mRNA Vaccine Degradation
Prediction System. /EEE.

Schlake, T., Thess, A., Fotin-Mleczek, M., a Kallen, K. J. (2012). Developing mRNA-
vaccine technologies. RNA Biol, 9(11), 1319-1330.

Stanford. (2020). OpenVaccine: COVID-19 mRNA Vaccine Degradation Prediction. AuAu

1N https://www.kaggle.com/c/stanford-covid-vaccine/data

Uddin MN, R. M. (2021). Challenges of Storage and Stability of mMRNA-Based COVID-19
Vaccines. Vaccines (Basel).

Wadhwa A, A. A., Lokras A, Foged C, Thakur A. . (2020). Opportunities and Challenges in
the Delivery of mMRNA-based Vaccines. Pharmaceutics.

Wang, Z. (2023). Comparative analysis of tissue-specific genes in maize based on machine
learning models: CNNperforms technicallybest, LightGBM performs biologically
soundest. Frontiers in Genetics.

Wayment-Steele, H. K., Kladwang, W., Watkins, A.M. et al. (2022). Deep learning models
for predicting RNA degradation via dual crowdsourcing.

Wurtmann, E. J., iaz Wolin, S. L. (2009). RNA under attack: cellular handling of RNA
damage. Crit Rev Biochem Mol Biol, 44(1), 34-49.

IANTANITLLGUNN, 4. H. (2023). nsnpauAxisn wenaaladngai Qﬁmmmm\ﬁmﬁm
TULI IANB1R A AR RLINNg ddndusnduludingn,

https://www.hfocus.org/content/2023/06/27769

d9uia, W. W, (2021). paunndeasde “daTuladn-19". hitps:/thainakarin.co.th/covid-19-

vaccine-knowledge/

InaTwast. (2020). 198NN TATW THAaTUN Taiuladn lAuAINa195%. AUAWAIN

https://www.thaipost.net/main/detail/84053

a [ % a o a A ¥ o XK v a o =y %
HUMLNRLNUNAR, A. (2020). VAT ﬂﬂ’ﬂzvl,'j‘...LL@'JVI’WVLNL?’WQ\TWE\‘]@G']QWT]H ? AUAUANN

https://www.gj.mahidol.ac.th/main/knowledge-2/what-is-vaccine/

Tulanaanfidue (RNA Molecules) ).

Soulaarinad 1. (2021). TaTsofaanaiug vl (Tade-19): asdAnswanudaelafadnen


https://www.kaggle.com/c/stanford-covid-vaccine/data
https://www.hfocus.org/content/2023/06/27769
https://thainakarin.co.th/covid-19-vaccine-knowledge/
https://thainakarin.co.th/covid-19-vaccine-knowledge/
https://www.thaipost.net/main/detail/84053
https://www.gj.mahidol.ac.th/main/knowledge-2/what-is-vaccine/

45

nsAnEdayaRIUN1IATIARHAGE N9TNEH WAZNNIWINLNTATY.

a

{2aneNUNaRATUNS. TaTulANANATRA?

https://www.sikarin.com/health/%E0%B8%A7%E0%B8%B1%E0%B8%84%E0%B8

%8B %E0%B8%B5%E0%B8%99%E0%B9%82%E0%B8%84%E0%B8%A7 %E0%B

8%B4%E0%B8%94%E0%B8%A1%E0%B8%B5%E0%B8%81%E0%B8%B5%E0%

B9%88%E0%B8%8A%E0%B8%99%E0%B8%B4%E0%B8%94

ANAnNedaw, w. 9. (2021). SaTuladn-19 Anaiia azlsiing.

https://www.synphaet.co.th/%E0%B8%A7 %E0%B8%B1%E0%B8%84%E0%B8%8

B%E0%B8%B5%E0%B8%99%E0%B9%82%E0%B8%84%E0%B8%A7%E0%B8%

B4%E0%B8%94-19-

%EQ0%B8%A1%E0%B8%B5%E0%B8%81%E0%B8%B5%E0%B9%88%E0%B8%8

A%E0%B8%99%E0%B8%B4%E0%B8%94-%E0%B8%AD/



https://www.sikarin.com/health/%E0%B8%A7%E0%B8%B1%E0%B8%84%E0%B8%8B%E0%B8%B5%E0%B8%99%E0%B9%82%E0%B8%84%E0%B8%A7%E0%B8%B4%E0%B8%94%E0%B8%A1%E0%B8%B5%E0%B8%81%E0%B8%B5%E0%B9%88%E0%B8%8A%E0%B8%99%E0%B8%B4%E0%B8%94
https://www.sikarin.com/health/%E0%B8%A7%E0%B8%B1%E0%B8%84%E0%B8%8B%E0%B8%B5%E0%B8%99%E0%B9%82%E0%B8%84%E0%B8%A7%E0%B8%B4%E0%B8%94%E0%B8%A1%E0%B8%B5%E0%B8%81%E0%B8%B5%E0%B9%88%E0%B8%8A%E0%B8%99%E0%B8%B4%E0%B8%94
https://www.sikarin.com/health/%E0%B8%A7%E0%B8%B1%E0%B8%84%E0%B8%8B%E0%B8%B5%E0%B8%99%E0%B9%82%E0%B8%84%E0%B8%A7%E0%B8%B4%E0%B8%94%E0%B8%A1%E0%B8%B5%E0%B8%81%E0%B8%B5%E0%B9%88%E0%B8%8A%E0%B8%99%E0%B8%B4%E0%B8%94
https://www.sikarin.com/health/%E0%B8%A7%E0%B8%B1%E0%B8%84%E0%B8%8B%E0%B8%B5%E0%B8%99%E0%B9%82%E0%B8%84%E0%B8%A7%E0%B8%B4%E0%B8%94%E0%B8%A1%E0%B8%B5%E0%B8%81%E0%B8%B5%E0%B9%88%E0%B8%8A%E0%B8%99%E0%B8%B4%E0%B8%94
https://www.synphaet.co.th/%E0%B8%A7%E0%B8%B1%E0%B8%84%E0%B8%8B%E0%B8%B5%E0%B8%99%E0%B9%82%E0%B8%84%E0%B8%A7%E0%B8%B4%E0%B8%94-19-%E0%B8%A1%E0%B8%B5%E0%B8%81%E0%B8%B5%E0%B9%88%E0%B8%8A%E0%B8%99%E0%B8%B4%E0%B8%94-%E0%B8%AD/
https://www.synphaet.co.th/%E0%B8%A7%E0%B8%B1%E0%B8%84%E0%B8%8B%E0%B8%B5%E0%B8%99%E0%B9%82%E0%B8%84%E0%B8%A7%E0%B8%B4%E0%B8%94-19-%E0%B8%A1%E0%B8%B5%E0%B8%81%E0%B8%B5%E0%B9%88%E0%B8%8A%E0%B8%99%E0%B8%B4%E0%B8%94-%E0%B8%AD/
https://www.synphaet.co.th/%E0%B8%A7%E0%B8%B1%E0%B8%84%E0%B8%8B%E0%B8%B5%E0%B8%99%E0%B9%82%E0%B8%84%E0%B8%A7%E0%B8%B4%E0%B8%94-19-%E0%B8%A1%E0%B8%B5%E0%B8%81%E0%B8%B5%E0%B9%88%E0%B8%8A%E0%B8%99%E0%B8%B4%E0%B8%94-%E0%B8%AD/
https://www.synphaet.co.th/%E0%B8%A7%E0%B8%B1%E0%B8%84%E0%B8%8B%E0%B8%B5%E0%B8%99%E0%B9%82%E0%B8%84%E0%B8%A7%E0%B8%B4%E0%B8%94-19-%E0%B8%A1%E0%B8%B5%E0%B8%81%E0%B8%B5%E0%B9%88%E0%B8%8A%E0%B8%99%E0%B8%B4%E0%B8%94-%E0%B8%AD/
https://www.synphaet.co.th/%E0%B8%A7%E0%B8%B1%E0%B8%84%E0%B8%8B%E0%B8%B5%E0%B8%99%E0%B9%82%E0%B8%84%E0%B8%A7%E0%B8%B4%E0%B8%94-19-%E0%B8%A1%E0%B8%B5%E0%B8%81%E0%B8%B5%E0%B9%88%E0%B8%8A%E0%B8%99%E0%B8%B4%E0%B8%94-%E0%B8%AD/




47

eazidanlAnNImIaseLdeyaLard1sadayailiodsis (Exploratory Data Analysis)
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from gor
drive.m

import
import
import
import
import
import
from co
warning

ogle.colab import drive
ount('/content/drive")

numpy as np # linear algebra

pandas as pd # data processing, €SV file I/0 (e.g. pd.read_csv)
matplotlib.pyplot as plt

seaborn as sns

warnings

json

llections import Counter

s.simplefilter(action="ignore")

pd.set_option('display.max_rows', None)
pd.set_option('display.max_columns', Hone)

plt.rcP.

train =
test =

print("
print("’

train.h
test.he,

train.h
train.d

train.i
train.d
test.in

train.i

arams .update({'figure.max_open_warning': @})

pd.read_json('/content/drive/My Drive/IS/train.json’, lines=True)
pd.read_json('/content/drive/My Drive/IS/test.json’, lines=True)

train shapes: ', train.shape)
Test shapes: ', test.shape)

ead(5)
ad(5)

ead(3)
‘types.value_counts().plot.bar()

nfo()
escribe()
fo()

sna().sum()

print(‘train shape :',train.shape)
print(‘test shape :',test.shape)

trai
test
trai

fig,

sNs.
SNs.

axe[
axe[

Run Cell | Run Below
# %%

n.head()
.head()
n.describe()

axe = plt.subplots(1, 2, figsize=(1@, 5))
countplot(train['sn_filter'], palette="magma',ax=axe[1])
distplot(train['signal_to_noise'],color="pink",ax=axe[0])

9].set_title('signal/Noise ')
1].set_title('sn Filter');

plt.figure(figsize=(10,4))

sNs.

# %%

countplot(test['seq_length'],color="blue")

plt.figure(figsize=(15,2))

sNs.

plt.

Run (¢
# %k
avg_|
avg_
avg_

avg_
avg_l

boxplot(train['signal_to_noise'],color="yellow',x="signal_to_noise")

show()

reactivity = np.array(list(map(np.array,train.reactivity))).mean(axis=8a)
deg_50C = np.array(list(map(np.array,train.deg_56C))).mean(axis=0)
deg_pH1e = np.array(list(map(np.array,train.deg_pH1@))).mean(axis=0)

deg_Mg_5@C = np.array(list(map(np.array,train.deg_Mg_50C))).mean(axis=0)
deg_Mg_pH1® = np.array(list(map(np.array,train.deg_Mg_pH1@))).mean(axis=0)
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109
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fig, ax = plt.subplots(1,3,figsize=(15,4))

# Distribution of Reactivity Averaged over position
sns.kdeplot(avg_reactivity,color="red",ax=ax[0])
ax[e].set_title('Average Reactivity',size=18)

# Distribution of deg_S5eC Averaged over position
sns.kdeplot(avg_deg 50C,color="blue',ax=ax[1])
ax[1].set_title('Average deg_58C',size=10)

# Distribution of deg pH1@ Averaged over position
sns.kdeplot(avg_deg_pH1@,color="green',ax=ax[2])
ax[2].set_title('Average deg pH1@',size=10)

plt.show()

i %k
plt.figure(figsize=(15,8))

sns.lineplot(x=range(68),color="red",y=avg_reactivity,label="reactivity")
sns.lineplot(x=range(68),color="blue’,y=avg_deg 56C,label="deg 56C")
sns.lineplot(x=range(68),color="green",y=avg_deg_pH10,label="deg_phle")

plt.xlabel('Positions’)

plt.xticks(range(e,68,2))

plt.ylabel('values')

plt.title('Average Target values (without Mg) and Positions')

plt.show()

plt.figure(figsize=(15,5))

sns.lineplot(x=range(68),y=avg_deg Mg 50C,label="deg Mg 56C")
sns.lineplot(x=range(68),y=avg deg Mg pH18,label="deg Mg pH1a@")

plt.xlabel('Positions")

plt.xticks(range(0,68,2))

plt.ylabel('values")

plt.title( Average Target Values (w Mg) and Positions')

plt.show()

Run Cell | Run At
i %%
one_sample = train.iloc[6]

One sequence = One sample["sequence”]

One_structure = One_sample["structure"”]

One_predicted loop_type = One_sample["predicted loop type"]
One_reactivity = One_sample["reactivity”]

Run Cell | Run 4
i %h
print("One sequence :",0ne sequence)

print("One_structure :",0ne_structure)
print("One_predicted loop type :",One_predicted_loop_ type)

print("One_reactivity :", One_reactivity)




144
145
146
147
148

153
154
155
156
157

158
159
160
161

162
163
164
165
166

Counter(One_sequence)

Run Cell | Run Al
# %%
sum_one_sequence = sum(Counter(One_sequence).values())
sum_one_sequence

Run Cell | Run Al
# %k
Counter(One_structure)

Run Cell | Run Al
# %k
sum_one_structure = sum(Counter(One_structure).values())
sum_one_structure

Run Cell | Run Al
# %k
Counter(One_predicted_loop_type)

Run Cell | Run Al
# %%
sum_one_predicted_loop_type = sum(Counter(one_predicted_loop_type).values())
sum_one_predicted loop type

Run Cell | Run Al cell
# %%
print(f"samples with signal_to_noise greater than 1: {len(train.loc[(train['signal_to_noise'] > 1 )])}")

print(f"samples with sn_filter = 1: {len(train.loc[(train['sn_filter'] == 1 )])}")

print(f"samples with signal_to_noise greater than 1, but Sn_filter == @: {len(train.loc[(train['signal to _noise'] > 1) &
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18
19
20
21
22
23

24
25
26
27
28
29

30
31
32
33

34
35

from google.ci
drive.mount(’

import json

impert numpy
import pandas

from sklearn.multioutput import MultioutputRegressor
model_selection import train_test_split, GridSearchcv

from sklearn.
from sklearn.
from sklearn.
from sklearn.

from xgboost

train_df = pd.read_json('/content/drive/My Drive/IS/train.json’, lines=True)
test_df = pd.read_json('/content/drive/My Drive/IS/test.json', lines=True)
sample_sub_df = pd.read_csv('/content/drive/My Drive/IS/sample_submission.csv')

Run Cell | Run At
# %%
print(train_d

# %%
train_df.head

ell [Ru

test_df.head(

olab import drive
Jcontent/drive’)

as np
as pd

pipeline import Pipeline

preprocessing import StandardScaler

metrics import make_scorer

import XGBRegressor

f.shape)
print(test_df.shape)
print(sample_sub_df.shape)

(3)

3)

35
36
37

38
39
49
a1

42
a3
a4
45
a6
a7
48
a9
50

51
52
53
54

55
56
57
58
59
60

61
62
63
64

test_df.head(3)

# Calculate Meal

train_df[ 'reactivity'] = train_df[ 'reactivity'].apply(lambda x: np.mean(x))
train_df['deg Mg_pH1@'] = train_df['deg Mg pH1@'].apply(lambda x: np.mean(x))
train_df[ 'deg_pHle'] = train_df['deg_pHle'].apply(lambda x: np.mean(x))

= train_df['deg Mg 50C'].apply(lambda x: np.mean(x))
train_df['deg 58C"'] = train_df['deg_5@c'].apply(lambda x: np.mean(x))

train_df[ 'deg Mg 5eC']

Run Cell | Ru
# %%
train_df.head()

ns of targets

# Drop unnecessary columns for now
train_df = train_df.drop(['id', 'index', 'reactivity error', 'deg error_Mg pHie', 'deg error_pHle', 'deg error_Mg_5ec’, 'deg error_5ec’,

train_df.head()

Run Cell | Ru

# %k

# split data in features and labels

X_train = train_df.drop(['reactivity', 'deg Mg pH10', ‘deg Mg 50C'], axis=1)
Y_train = train_df[['reactivity’, 'deg_mMg_pHle', 'deg_mMg_5eC']]
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72
73
74
75
76
77
78
79
80
81
82
83
84
85
86

a7
88
89
ge
91

92
a3
94
a5
96

o8

162
163
104
105
106
167
108

109
110
111
112
113
114
115
116
117
118
119
120

121
122
123
124
125
126
127
128
129
130
131
132
133
134
135

X_train, X test, Y_train, ¥_test = train_test_split(X_ train, Y_train, test size=0.15)
X_train.shape, X_test.shape, Y_train.shape, Y_test.shape

# %%
def featurize(df):

df[ "total_A count'] = df['sequence’].apply(lambda s: s.count('A"))
df[ "total_G_count'] = df['sequence’].apply(lambda s: s.count('G"))
df["total_U_count’] = df['sequence’].apply(lambda s: s.count('U"))
df[ "total_C_count'] = df['sequence’].apply(lambda s: s.count('C'))

df[ "total dot count'] = df['structure’].apply(lambda s: s.count('."))
df[ "total_ob count'] = df['structure’'].apply(lambda s: s.count('("))
df[ "total_cb count'] = df['structure'].apply(lambda s: s.count(')"))

return df

Run Cell | Ru
# %%
X_train = featurize(X_ train)
X_test = featurize(X_test)

Run Cell | Rur
# %k
X_train = X_train.drop([ 'sequence', 'structure', 'predicted_loop_type'], axis=1)
X test = X test.drop([ 'sequence', 'structure', 'predicted_loop type'], axis=1)

X_train.head()

scaler = StandardScaler()
scaler.fit(X_train)

X_train = scaler.transform(X_train)
X_test = scaler.transform(X_test)

def mcrmse_loss(y true, y pred, N=3):

Calculates competition eval metric

assert len(y_true) == len(y_pred)

n = len(y_true)

return np.sum(np.sqrt(np.sum((y_true - y pred)*=2, axis=e)/n)) / N

custom_scorer = make scorer(mcrmse_loss, greater_is better=False)

# Hyperparameter tune multioutput XGBoost Regressor
xgb = XGBRegressor(

subsample=0.8,

colsample_bytree=0.75,

reg lambda=2,

reg alpha=1,

random_state=28

params = {
"estimator__n_estimators': [ 8ee, dee, 10e0],
‘estimator__learning_rate': [@.1, @.25, @.30],
"estimator__max_depth': [3, 4, 5]
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137
138
139
140
141
142
143

aca
171
172
173
174

175
176
177
178
179
180

181
182
183
184
185

186
187
188
189
190
191
192
193
194
195

196
197

reg = MultioutputRegressor(xgbh)

# Perform 5 fold cross validation on set 1 features
gs = Gridsearchcv(reg, param_grid=params, cv=5, return_train_score=True , n_jobs=-1, sc
gs.fit(X_train, Y_train)

# Train using best parameters

xgb = XGBRegressor(
max_depth=gs.best_params_['estimator__max_depth'],
subsample=0.8,
colsample_bytree=0.75,
reg_lambda=2,
reg_alpha=1,
n_estimators=gs.best_params_[ 'estimator__n_estimators'],
learning_rate=gs.best_params_[ 'estimator learning rate'],
random_state=28

)

reg = MultioutputRegressor(xgh)
reg.fit(X_train, Y_train)

Run
# %%

# Train score

mcrmse_loss(reg.predict(X_train), np.array(y_train))

# validation score
mcrmse_loss(reg.predict(X_test), np.array(y_test))

Run C
# Wk
test = featurize(test_df.drop([ 'index’, 'id'], axis=1))

test = test.drop(['sequence', 'structure', 'predicted_loop_type'], axis=1)
test = scaler.transform(test)

| Run Ab

# Predict
preds = pd.DataFrame(reg.predict(test))

Run Cell | Ru
# %% |

# Create submission csv

submission_df = preds.loc[preds.index.repeat(list(test_df['seq length']))].reset_index(drop=True)
submission_df = submission_df.rename(columns={0: 'reactivity', 1: 'deg Mg pH1@', 2: 'deg Mg 50C'})
submission_df['id_seqgpos'] = sample_sub_df['id_seqpos’]

submission_df[ ‘deg_pHie'] = 8.0

submission_df['deg 50C'] = 0.0

submission_df = submission df[['id seqpos', 'reactivity', 'deg Mg pHle', 'deg pHl@', 'deg Mg 50C", 'deg 50C']]

submission_df.to_csv('base.csv', index=False)
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from google.colab import drive
drive.mount{’ /content/drive’)
pip install catboost

import json

import numpy as np
import pandas as pd

from sklearn.sultioutput import MultiOutputRegressor
from sklearn.sodel_selection import train_test_split, GridSearchCV
from sklearn.pipeline import Pipeline

from sklearn.preprocessing import StandardScaler

from sklearn.setrics import make_scorer

from catboost import CatBoostRegressor

train_df= pd.read_json{'/content/drive/My Drive/IS/train.json’, lines=True)
test_df= pd.read_json(’/content/drive/My Drive/IS/test.json’, lines=True)
sample_sub_df= pd.read_csv(’/content/drive/My Drive/IS/sample_submission.csv’)
print(train_¢f. shape)

print(test_df.shape)

print(sample_sub_df.shape)

train_df.head(3)

test_df.head(3)

sample_sub_df.head(3)

# Calculate Means of targets

train_df[ ‘reactivity’] = train_df[ reactivity'].apply(lambda x: np.mean(x))
train_df[ 'deg Mg pH18'] = train_df['deg Mg pH18'].apply(lambda x: np.mean(x))
train_df[ 'deg pH18'] = train_df['deg pH18'].apply(lambda x: np.mean(x))
train_df[ ‘deg Mg 58C°] = train_df[ deg Mg 58C'].apply(lambda x: np.mean(x))
train_df[ ‘deg 50C°] - train_df['deg 50C'].apply(lambda x: np.mean(x))
train_df .head()

# Drop unnecessary calumns for now

U u

9 174 @ 9

train_df = train_df.drop(['id", ‘index’, reactivity_ error’, 'deg_error_Mg pHl®’, ‘deg_error_pH10°, ‘deg error_Mg_50C', ‘deg error_50C°, 'SW_filter’, 'signal_to_noise’, "t

train_df .head()

# Split data in features and labels

X_train = train_df.drop(["reactivity’, 'deg Mg pH18', "deg Mg 56C'], axis=1)

Y_train = train_df[[‘reactivity’, ‘deg Mg pH18", 'deg Mg 50C']]

X_train, X_test, Y_train, Y_test = train_test_split(X_train, Y_train, test_size=0.15)
X_train.shape, X_test.shape, ¥_train.shape, Y_test.shape

def featurize(df):

[ "total_A_count'] = ¢f["sequence’ ].apply(lambda s: s.count('A’))
¢f["total_G_count'] = of["sequence’ ].apply(lambda s: s.count('G'))
f[“total_U_count'] = of["sequence’ ].apply(lambda s: s.count('U'))
f["total_C_count'] = of["sequence’ ].apply(lambda s: s.count('C'))
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49 df[ "total_dot_count’'] = df[ structure’].apply(lambda s: s.count('."))

58 df[ "total_ob_count’] = df['structure’].apply(lambda s: s.count( ("))
51 df[ "total_cb_count’] = df['structure’].apply(lambda s: s.count(')"))
52

53 return df

54

55  X_train = featurize(X_train)
56 X_test = featurize(X_test)

58 X_train = X_train.drop(['sequence’, 'structure', 'predicted loop type'], axis=1)
59 X_test = X_test.drop(['sequence', 'structure', 'predicted loop_type'], axis=1)

61 X_train.head()

63 scaler = StandardScaler()
64 scaler.fit(X_train)

66 X_train = scaler.transform(X_train)
67  X_test = scaler.transform(X_test)

68

69 def mcrmse_loss(y_true, y_pred, N=3):

7@

71 Calculates competition eval metric

72 e

73 assert len(y_true) == len(y_pred)

74 n = len(y_true)

75 return np.sum{np.sqrt(np.sum({y_true - y_pred)**2, axis=8)/n)) / N
76

77 custom_scorer = make_scorer(mcrmse_loss, greater_is better=False)
78

79 cbr = CatBoostRegressor(random_state=28)
80 params = {

81 ‘estimator__n_estimators': [ 3@, 562, 8ee],
82 ‘estimator__learning_rate’: [@.82, @.05, ©.1],
83 "estimator__max_depth’: [3, 6, 8]

84

85 reg = MultiOutputRegressor(cbr)
86 # Perform 5 fold cross validation on set 1 features
87 cb = GridSearchCV(estimator=reg, param_grid = params, cv = 5, n_jobs=-1, scoring=custom_scorer)

89 cb.fit(X_train,Y_train)
91 cb.best_params_

93 # Train using best parameters
94 cbr = CatBoostRegressor(

95 depth=ch.best_params_[ "estimator__max_depth'],

96 n_sstimators=cb.best_params_[ 'estimator__n_estimators'],
97 learning_rate=cb.best_params_['estimator learning rate'],
98 random_state=28

EE] )

188 reg = MultiQutputRegressor({cbr)
181 reg.fit(X_train, Y_train)

1e3 # Train score
184 mcrmse_loss(reg.predict(X_train), np.array(Y_train))

1ee # Validation score
187  mcrmse_loss(reg.predict({X_test), np.array(Y_test))

189 test = featurize(test df.drop([ 'index’, 'id'], axis=1))

118 test = test.drop(['sequence’, 'structure', 'predicted_loop_type'], axis=1)
111 test = scaler.transform(test)

112 # Predict

113 preds = pd.DataFrame(reg.predict{test))

114

115
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$17¢ A Yl1@d g AN 1IN 2L U U A 1A 8 9 Random Forest

1 from google.colab import drive
2 drive.mount(’/content/drive’)
3

import json

4
5

6  import numpy as np

7 import pandas as pd

8

9 from sklearn.multioutput import MultiOutputRegressor

18 from sklearn.model selection import train test split, GridSearchCV
11 from sklearn.pipeline import Pipeline

12 from sklearn.preprocessing import StandardScaler

13 from sklearn.metrics import make_scorer

15  from sklearn.ensemble import RandomForestRegressor
17 train_df = pd.read_json('/content/drive/My Drive/IS/train.json’, lines=True)

18  test_df = pd.read_json(’/content/drive/My Drive/IS/test.json’, lines=True)
19 sample_sub_df = pd.read_csv(’/content/drive/My Drive/IS/sample submission.csv')

21 print(train_df.shape)
22 print(test_df.shape)
23 print(sample_sub_df.shape)

24
25 train_df.head(3)
26
27 test_df.head(3)
28

29 # Caleulate Means of targets
30 train_df[ reactivity’] = train_df[ reactivity’].apply(lambda x: np.mean(x))
31 train_df['deg Mg pH18'] = train df['deg Mg pH10"].apply(lambda x: np.mean(x))
32 train_df['deg pH10'] = train df['deg pH1@'].apply(lambda x: np.mean(x))

33 train_df['deg Mg 58C'] = train_df['deg Mg 5C'].apply(lambda x: np.mean(x))
34 train_df['deg 56C'] = train_df[ 'deg_50C'].apply(lambda x: np.mean(x))

36 train_df.head(3)

38 # Drop unnecessary columns for now
39 train_df = train_df.drop(['id’, 'index', 'reactivity_error', 'deg_error_Mg_pH1@', 'deg_error_pH18', 'deg_error_Mg_50C', 'deg_error_58C', 'SN_filter', 'signal_to_noise’, 'deg
49 train_df.head()

42 # Split data in features and labels
43 X_train = train_df.drop([ reactivity’, 'deg Mg pHle', 'deg Mg 50C'], axis=1)
44 Y_train = train_df[[ reactivity’, 'deg Mg pHle', 'deg Mg 50C']]

46 X_train, X_test, Y train, Y test = train_test split(X_train, Y train, test _size=0.15)
47 X_train.shape, X_test.shape, Y_train.shape, Y_test.shape



49 def featurize(df):

5@

51 ¢f['total_A_count'] = df['sequence’].apply(lambda s: s.count('A))
52 ¢f[ 'total_G_count'] = df['sequence’].apply(lambda s: s.count('G'))
53 ¢f['total_U_count'] = df['sequence’].apply(lambda s: s.count('U’))
54 ¢f['total_C_count'] = df['sequence’].apply(lambda s: s.count('C'))
55

56 ¢f[ 'total_dot_count'] = df['structure’].apply(lambda s: s.count('.'))
57 ¢f[ 'total_ob_count'] = df[ ' structure’ ].apply(lambda s: s.count('('))
58 ¢f[ 'total_cb_count'] = df['structure’ ].apply(lambda s: s.count(')"))
59

60 return df

61

62 X_train = featurize(X_train)

63 X_test = featurize(X_test)

64

65  X_train = X_train.drop(['sequence’, 'structure’, 'predicted loop type'], axis=1)
66 X _test = X_test.drop(['sequence’, 'structure’, 'predicted loop type'], axis=1)
57

58 X_train.head()

69

78 scaler = StandardScaler()

71 scaler.fit(X_train)

72

73 X_train = scaler.transform(X_train)

74 X_test = scaler.transform(X_test)

75

76 def mermse_loss(y_true, y pred, N-3):

77 .

78 Calculates competition eval metric

79 P

80 assert len(y_true) == len(y_pred)

81 n = len(y_true)

82 return np.sum(np.sqrt(np.sum((y_true - y_pred)**2, axis=8)/n)) / N
83

84 custom_scorer = make_scorer(mcrmse_loss, greater_is_better=False)
85

8  rf = RandomForestRegressor (random_state=42,verbose=1)
87 params = {

B ‘estimator_n_estimators': [ 168, 200, 300],
89 ‘estimator_max_depth': [8, 9, 18],

90

a1}

92 reg = MultiOutputRegressor(rf)
93 # Perform 5 fold cross validation on set 1 features
94 rfr = GridSearchCV(estimator=reg, param_grid = params, cv = 5, n_jobs=-1, scoring=custem_scorer)

"96 rfr.fit(X_train,Y_train)

97

98 rfr.best_params_

99

199 # Train using best parameters

191 rf = RandomForestRegressor(n_jobs=-1, random_state=28,verbose=1, n_estimators=588, max_depth=13)
12

183 rfr = MultiQutputRegressor(rf)

184 rfr.fit(X_train, Y_train)

185

106 # Train score

187  mcrmse_loss{rfr.predict(X_train), np.array(Y_train))
108

109 # Validation score

118 mcrmse_loss{rfr.predict(X_test), np.array(Y_test))

111

112 test = featurize(test_df.drop(['index’, 'id'], axis=1))
113 test = test.drop([ 'sequence’, 'structure’, 'predicted loop_type'], axis=1)
114 test = scaler.transform(test)

115

116 # Predict

117 preds = pd.DataFrame(rfr.predict(test))



PEAZBLANIINLLLANARY Ligth GBM
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from google.colab import drive
drive.mount(’/content/drive’)

import gc
import os
import random

import lightgbm as lgb
import numpy as np
import pandas as pd
import seaborn as sns
import itertools

from matplotlib import pyplot as plt

from sklearn.metrics import mean_squared_error

from sklearn.preprocessing import LabelEncoder

from sklearn.model selection impert StratifiedKFold, KFeld, GroupkFold
from sklearn.cluster import KMeans

sns.set(style="darkgrid’)
SEEDS = 28

57

# %%
def rmse(y_true, y pred):
return (mean_squared_error(y_true, y_pred))** .5

# treemodel_wrapper
class TreeModel:
def _ init_ (self, model_type):
self.model_type = model_type
self.tr_data = None
self.vl_data = None
self.model = Hone

def train(self, params, train_x, train_y, valid_x=None, valid_y=None, num_round=None, early_stopping=hones, verbose=Hone):
if self.model_type == "lgb’:
self.tr_data = lgb.Dataset(train_x, label=train_y)
self.vl data = lgb.Dataset(valid x, label=valid y)
self.model = lgb.train(params, self.tr data, valid sets=[self.tr _data, self.vl data],
num_boost_round=num_round, early_stopping_rounds=early_stopping,verbose_eval=verbose)

if self.model_type == 'rf_reg':
self.train_x = train_x
self.train_y = train_y
self.model = RandomForestRegressor(**params).fit(self.train_x, self.train_y)
if self.model_type == 'xgb':
self.tr_data = xgb.DMatrix(train_x, train_y)
self.vl_data = xgb.DMatrix(valid_x, valid_y)
self.model = xgh.train(params, self.tr_data, num_boost_round=num_round,
evals=[(self.tr_data, 'train'), (self.vl_data, 'val‘)],
verbose_eval=verbose, early_stopping_rounds=early_stopping)

if self.model_type
params[ * nun_boost_round’ ] = num_round
self.cat_cols = list(train_x.select_dtypes(include="object’).columns)
self.tr_data = Pool(train_x, train_y, cat_features=self.cat_cols)
self.vl_data = Pool(valid_x, valid_y, cat_features=self.cat_cols)
self.model = CatBoost(params).fit(self.tr_data, eval set=self.vl_data,
early_stopping_rounds=early_stopping, verbose=verbose, use_best_model=True)

return self.model
def predict(self,X):

if self.model_type == 'lgb':
return self.model.predict(X, num_iteration=self.model.best_iteration)

if self.model_type == 'rf_reg':
return self.model.predict(X)

if self.model_type == ‘xgb':
X_DM = xgb.DMatrix(X)
return self.model.predict(X_DM)

if self.model_type == ‘cat':
X_pool = Pool(X, cat_features=self.cat_cols)

return self.model.predict(X_pool)

@property
def feature_names_(self):
if self.model_type == 'lgb':
return self.model.feature_name()

if self.model_type == 'rf_reg':
return self.train_x.colums

if self.model_type == 'xgb':
return list(self.model.get_score(importance_type='gain').keys())

if self.model_type == ‘cat':

return self.model.feature_names_



94

a5

96

97

98

99
180
181
182
103
194
185
126
187
188
109
11
111
112
113
114
115
116
117
118
119
128
121
122
123
124
125
126
127
128
129
1308
131
132
135
136
137
138
139
140
141
142
143
144
145

147
148
149
158
151

153
154
155
156
157
158
159
168
161
162
163
164
165
166
167
168
169
178
171
172
173
174
175
176

178
179

58

def feature_importances_(self):
if self.model_type == 'lgb':
return self.model.feature_importance(importance_type='gain’)

if self.model_type == 'rf_reg':
return self.model.feature_importances_

if self.model_type == 'xgb':
return list(self.model.get_score(importance_type='gain').values())

if self.model_type == 'cat':
return self.model.feature_importances_

train= pd.read_json(’/content/drive/My Drive/IS/train.json’', lines=True)
test= pd.read_json(’'/content/drive/My Drive/IS/test.json’, lines=True)
submission= pd.read_csv('/content/drive/My Drive/IS/sample_submission.csv')

train_data = []

for mol_id in train['id"].unique():
sample data = train.loc[train['id'] == mol_id]
sample_seq_length = sample_data.seq_length.values[@]

for i in range(68):
sample_dict = {"id" : sample_data['id'].values[@],

"id_seqpos’ : sample_data['id'].values[@] + '_" + str(i),

‘sequence’ : sample_data['sequence’].values[2][i],

"structure’ : sample_data['structure’].values[@8][i],
‘predicted_loop_type’ : sample data[ predicted_loop_type’].values[@][i],
‘reactivity’ : sample_data['reactivity'].values[@][i],
‘reactivity_error’ : sample_data['reactivity_error’].values[@][i],

"deg_Mg_pH18' : sample data['deg Mg pH1@'].values[B][i],
‘deg_error_Mg_pH18' : sample_data['deg_error_Mg_pH1@"].values[@][i],
‘deg_pH1@' : sample_data['deg_pH1@'].values[8][1i],

‘deg_error_pH1@' : sample_data['deg_error_pH18'].values[@][i],
"deg_Mg_5@8C' : sample_data['deg Mg _58C'].walues[@][i],
"deg_error_Mg 5@8C' : sample_data['deg_error_Mg_50C"].values[8][i],
"deg_5BC' : sample_data['deg 58C'].values[@][i],

‘deg_error_58C" : sample_data['deg_error_50C'].values[@][i]}

shifts = [1,2,3,4,5]
shift_cols = ['sequence’, ’structure’, ‘predicted loop type']
for shift,col in itertools.product(shifts, shift_cols):
if i - shift »= 0:
sample_dict['b’+str{shift)+'_'+col] = sample_data[col].values[@][i-shift]
else:
sample_dict['b'+str(shift)+'_'+col] = -1

if i + shift <= sample_seq_length - 1:

sample_dict['a +str{shift)+ _'+col] = sample_data[col].values[@][i+shift]
else:

sample_dict['a’+str{shift)+'_'+col] = -1

train_data.append(sample_dict)
train_data = pd.DataFrame(train_data)
train_data.head()

test_data = []
for mol_id in test['id'].unique():
sample_data = test.loc[test['id'] == mol_id]
sample_seq_length = sample_data.seq_length.values[d]
for i in range(sample_seq_length):
sample dict = {'id’' : sample_data['id'].values[@],

"id_seqpos’ : sample data['id'].values[@] + '_' + str(i),
‘sequence’ : sample_data['sequence’].values[@][i],
"structure’ : sample_data['structure'].values[B][i],

"predicted_loop_type' : sample_data['predicted loop type'].values[@][i]}

shifts = [1,2,3,4,5]
shift_cols = ['sequence’, ’structure’, ‘predicted loop type']
for shift,col in itertools.product(shifts, shift_cols):
if i - shift »= 0:
sample_dict['b’+str{shift)+'_'+col] = sample_data[col].values[@][i-shift]
else:
sample_dict['b'+str(shift)+'_'+col] = -1

if i + shift <= sample_seq_length - 1:

sample_dict['a +str{shift)+ _'+col] = sample_data[col].values[@][i+shift]
else:

sample_dict['a’+str{shift)+'_'+col] = -1

test_data.append(sample_dict)
test_data = pd.DataFrame(test_data)
test_data.head()



182 # label_encoding

183 sequence_encmap 3}

184 structure_encmap

185 looptype encmap = { X4, 'MU:s,

186

187  enc_targets = [’'seguence’, 'structure’, predicted loop_type']

188 enc_maps - [sequence_encmap, structure_encmap, looptype_encmap]

189

196 for t,m in zip(enc_targets, enc_maps):

191 for ¢ in [c for ¢ in train_data.columns if t in c]

192 train_data[c] = train_data[c].replace(m)

193 test_data[c] - test_data[c].replace(m)

194

195

196 not_use_cols = ['id", 'id_segpos']

197 features = [c for ¢ in test_data.columns if ¢ not in not_use_cols]

198  targets = [‘reactivity’, 'deg Mg pHle', "deg pH10', 'deg Mg 50C', ‘deg 50C']

199

200 FOLDN =5

201 gkf = GroupKFold(n_splits=FOLD_N)

202

283 params = {"objective’: 'regression’,

204 “boosting’: ‘gbdt’,
205 ‘metric’: “rmse’,
206 *learning_rate’': 0.05,
207 "seed’ : SEEDS}
208
209  feature_importances = pd.DataFrame()
218 result = {}
211 oof_df = pd.DataFrame(train_data.id_seqpos)
212
213 for target in targets:
214 oof = pd.DataFrame()
215 preds = np.zeros(len(test_data))
216 scores = 0.9
217
218 for n, {tr_idx, vl_idx) in enumerate{gkf.split(train_data[features], train_data['reactivity'], train_data['id'])):
219 tr x, tr_y = train_data[features].iloc[tr_idx], train_data[target].iloc[tr idx]
220 vl_x, vl_y = train_data[features].iloc[vl_idx], train_data[target].iloc[vl_idx]
221 vl_id = train_data['id_segpos’].iloc[vl_idx]
222
223 model = Treetodel (model type="1gb’)
224 model.train(params, tr_x, tr_y, vlx, vly,
225 num_round=20000, early_stopping=108,verbose=3)
226
227 £i_tmp = pd.DataFrame()
228 £i_tnp[ " feature’] = model.feature_names_

229 Fi_tmp[ 'importance’] = model.feature_importances_

238 fi_tmp['fold'] = n

231 fi_tmp[ 'target’'] = target

232 feature_importances = feature_importances.append (fi_tmp)
233

234 vl_pred = model.predict(vl_x)

235 score = rmse(vl_y, vl_pred)

236 scores += score / FOLD N

237 print(f'score : {score}’)

238

239 oof = oof.append(pd.DataFrame({'id_seqpos':vl_id, target:vl _pred}))
249

241 pred = model.predict(test_data[features])

242 preds += pred / FOLD_N

243

244 oof_df = ocof_df.merge(ocof, on="1id_seqpos', how='inner')

245 submission[target] = preds

246

247 print(f {target}_rmse : {scores}’)

248 result[target] = scores

249

258  display(result)

251  display(f'total : {np.mean(list(result.values())})}")

252

253 # feature_importances

254 for target in targets:

255 tmp = feature_importances[feature_importances.target==target]
256 order = list(tmp.groupby(’feature').mean().sort_values('importance’, ascending=False).index)
257

258 plt.figure(figsize=(10, 10))

259 sns.barplot(x="importance", y="feature”, data=tmp, order=order)
268 plt.title(target)

261 plt.tight layout()
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