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4 Hih b d EC BEICIIBRL L ZOBREI/MET 2{LERISEZEHIN
TWa, AR TIE, BEREKICAWSILZRIGICH L TRELRBERERM% EC
ESLLTFHTEZETINOEREIT>7-. £ L T, Kyoto Encyclopedia of Genes
and Genomes (KEGG) ¥ & U BRENDA 7 E XBRICEEFH SN TWABERIGT —
%AW, ERECESOFAICETZ2ETLOFEEITo7-. SEIE, EE2
TB4E, £V 2 BEA O 5 EC3 ICET 2BHRKRISICH L, EC &S D subclass

(2 #78) B &V sub-subclass (3 #7H) % FAIF % Random Forests (RF)F 1 E
TIEHEFE L P1DIC, KEGG &Y ECE S ERLADOXFET — %5 L,
BEICEI L7z, BEORICIE, &RIGHT, EENERYICE(T 2B
208 TEIEDEARF(IE - LFEFMEB)OE(EZETEL, 208 RITDKILHDEF
BT bLEER LT, RIS, SMOTE #@B L, HHEANI bLOT— 2%
962 715 3100 ICH —N—=H T YT LIz, IHIC, ETAMEROBIMIEL L
TR FEIRZITL, RF ICXf L T forward selection Z @A L, 23 EFED LR F
DEIRENTz, T, NI A—ZFAETILRAEARORAFE 15, REAKRZE 800
Elotz, INLDT—X - RIA—ZFABTERLEZETLOFRABRE L
T, KEGG 7R bT7T—&IZHL, FI RAT7FH 099 »ELNT. Tz,
BRENDA & ¥ OXBARIG 12 IS L TH, WRTDBRFRBENS LN,
F—T7—F ECES, BHEENK BHFE, FEUER
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EEREHEFENFTIE, CERCDOFTCTRAICER T EARME S L TR A
THEANELCIEMLTWD, {LFAEE B L T, EARMEE LIELIEA
HEEAE L, POBREBICELVWRETHATE 2728, tFERSZHHENIC
EDBZIENTED, TD=H, BNOERYZEAETKICICH LT, =@
BERZ FATEZENEEEICHE>TWAS, BERIZIE 417D Enzyme Commission
mmmumz YV ABYIRONTEY, EORICEMET 2h, EDOFEEP

BIERIA2MNICE > TERNDEINS, AMETCIIERFTEZRVL, &
EOMFRIGICH L CTREBAERERZ ECES L LTFUNTH2ETILORE
ZiTo7c. BWMFEICLS EC HES T, FTICRBBREBOBITEICEWVLT,
FHABERIC EC FEFOEYH TV, BROUMBEZRHEI 2ENTIIHONT
. —ATEAMIRTIE, AERERICEVT, BEBICHLTAVWINEERY
WYIACT-HIC EC HSZFHT 2. BRFEICLS ECESFAETIHLE
it cENnE, FERPICERERZ FAINK EC HEEAOERICKRY AL Z
ENTE, ERICLZ2ERFBEACIX FOEENBEEFTE S,

EC E5FHOFEL LT, BB OERYICEAT 20BN
B FEESOEICEB LD D 2, XV RVBRINZBW-HE DR EDNDH
59 INODFEIEE~DECESEH YL TETHELTWVWDLH, AR

TlE, ERAENDOENTEC HESFHFEZAVS. BEFEMNICIE, REREFAE
ICYBAENEHECZICEBR L/-F k&, Kyoto Encyclopedia of Genes and
Genomes (KEGG) Y OBZERIGT — X Z#BVWGECESFAUETLEEBET S
T, ETIUBEICAWEN 72 KEGG DT —X(T A M T—2)IIX L T EC
EEZFHT 5. ZL T, 721 BRENDAOR Z DX OBRRIST — &I
WLTH BCESFRAUEITY., £HHROEZICHAT IBRROEZHEINERL
TW3 KEGG [CX L, BRENDA [FERREBICFRATI2EZERIGHZ<E ST
BYD, FUBEEEHKICHTIA2FAICELTWSEEZONS.

AAROFIEE LT, FIOICHERFEICE ITE2FEEEITI1-ODOT — X%
£ L7-. KEGG IZlE, ECESICEHRINTVWIBRLDOMIC, T DOERAE
BLTRETILERIGANEBZRINTWS D, ozl RIZ, B
BLIT—X2%ZMIL, CEREAZEBFERICADARLGEET —RICE
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WMl 2L T, ERBERICBENT, BB SERYICELT 2BROYMEE -
LEFEBOEN FHEEEIE)EBL, BElE{T-7-. 22T, Hik
EL IZNDTFEPIDEN, LogP & & DYME - LFHMEEIET. ERDE
MEOENVEZFTET ST, RISAEIZHOFEEZNVEZERICK -1
ZRTNY MILERD, ZDH, T ILLEERISRICH L TEC &5 %
DI LT R (RIET—2)%&EkL, BBFEZIT5> LT, ECESTH
ETNEER LT, |RBIC, EBOECESHHHN>TWD, KEGG DT X b
T—REETIIAAL, ELWECESHFRTEZAEY HDOFRBED
A %iT>7-. £ L T, BRENDA PXHRICEEHINTWIBRERST — X%
ABL, FTICAVWEEBRRIDICNT 5 ECESDOFABEZER L /<.

EEBAE

EERBIE AHILTIE, EC3 D subclass (2 #7H) # £ U sub-subclass (3 #7H)
DESDFRICERZH TS, EHT S subclass B &£ U sub-subclass DIEAE
HEE, 208BYEFET S, 208 BEOREEZ EICIER L /- RIGH DR~ 7
a7y X L7 LA MRF)YICEEL, ECESTAETLEZERT 5.
ETIUERDOBINEE LT, T—RDOEE LA —NR=HY > T TEITW,
208 TBEED LML BRI F D A % BIGFHER, B LUV RF D/37 X — KK
“RITT5H. ERLEETLVOFRBEOTMIE 2EBEOHFETITY). £1FHE
BIZ, 2EICAVWAN 272 KEGGC ODRILT —X(TA M T—2)e FRAETIVIC
AAL, 20 BBEOECESICNT 20 7 A0B%TH. F2FHLLT,
BRENDA A 0 EUS L7z, EC3.1.1,EC3.7.1 XL EC3.53 DERRIGT —
R ANHL, INLZFRINTECESICHIET S, CD2D2DHFET, A
NT—REZEBODECESICELL NETEILODBBERTMT 5 (Fig.
1).
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EC num & chemical Remove EC classes with Random Forests
equation + SDF files less than 6 data (Hyperparameter tuning)
Feature vectors with 962 feature vectors Feature selection ;
. GridSearchCV
208 descrintors . . (forward selection) ‘ 7
p with 138 descriptors num of descriptor max tree depth
| 138 — X ‘ ‘ - num of tree
Remove descriptors Oversampling |:‘]
(1)if with missing data num of EC3 class - 20 | L1rain [ Evaluation ]
(2)if more than 99.5% of the | | num of feat vec : 3100 + Stratified 5-fold cross-validation
data are equal - Average F1 score (5 times)
(3)if correlation coefficient Data split
= 1.00 (only one of the train:test=4:1 =
X . : =& [—
descriptor pairs) ®c;|:ets.t Random Forests model
prediction o selected descriptor
Feature vectors r * tuned parameter
(artificial enzyme reaction) | | @Prediction
EC3.1.1 x4
EC3.7.1 x4
EC3.5.3 x4

Fig. 1. The process of EC number prediction.

2BTF—R1ER I, KEGGHH ECES L MG BERAIRE L2, RIG
AP DEALEYICIE KEGG DILEYMIDAF Y HToNTWS, ZDID I
PubChem Substance ID (ZXF/& L TW 378, 45 [EE PubChem Vh 5t &) D&
EIFEHRZ R L7 MOL 7 7 A L Z B3 L 7=, RIC Python ® RDKit 74 7 Z VU
' ZAWT, MOL 7 7 4 LIEH DL F#53E % Simplified Molecular Input Line
Entry System (SMILES) O X FHERICER L 7. ZNIZLY, ECESL
SMILES e CEA N7 KL ZBYS L 7= (Table 1). 177 NIJLIL EC&ES, 7
FNNLVEENENRSADOEDE 115, F2BEBLIPELE1E, F2HEZE
9. ZOFE, SMILES A"ZBHPXRIEXF, F7-lE [H+] © [HX] OFRIL L%
STWBILEDIIYHEEEEETCER WY, To0XRIDEZSURERIZH
L7, F7z, SEIBVWB ECESDY 7 A% EC3 (I/KkDEER)E L, kb
A 6 BFEUEBEHRINTWE I I REZRA L. 72, KIEROEDBL LV
BLIZHHIEDHNENEFN2 DT O2OLDIZEREL, &5t 962 BED KIS
== ARV
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Table 1. EC number and chemical equation written in SMILES.

ENZYME left!  left2 rightt  right?
31133 CC{:O)OC[C@H”O[C@@H](O)IC@HKO)[{%%%:']‘% [HIO[H] OCIC@H]10C(0)[C@HIONC@@HIOIC@@HI10  CC(=0)0
3116 *0C(C)=0 [HIOMH] ‘0 CCEO)
3111 *0C()=0 [HIOH] o
OB CC(=0)0CCIN+ICHCIC  HIOH] CIN+](C)(C)CCO  CC(=0)0
3118 *C(=0)OCCIN+I(CHCIC  [HIO[H] an-eieee S

RIZ, SMILES % RDKit DIEERA 7V 7 MMIE#L, BELEVICHLT
FHEZFTE L7, RDKit (CIFFEEZEE T 2 208 DR RF L HEIEN
2Lb0PVABINTEY, 1 D2OFMEEICHL, 1 20RBEFANHLTL
3. BlEYIHL, BRFERAVWCEEHEZTEL, EE0MEERY DM
@%%Wok,ﬁﬁ@%%%%ﬁﬁ?%.:@t%,l@@&mﬁiﬂmﬁ%
DEMEBELNEZFED, 208 RITONRY L TRINDE, AMERTIE, ZOF
R bILE, BBPEBICANTIBEHEL TS, SEFBICERLZRIG
2T, AN EE L H0, BANPERY 2 EBRTH DAk ERISE LTW
78, AUE1BEE2EOKMHEDCM &A% 1 IHEHE 2 IHDOMDE %
>7z, BHEZAELRE., INEE2TORIGATITL, SRIGIHAH 208 XTT
DRFEBEEDN LR DFHERY b aF DT — X Lz, —8RBLT:
HAOFER (Table 2)ICHWT, T7NILILECES, J 7 RLIEKEDRFORFG
EZEZHRL, HEECESICET 2RILAICHT 2 208 RITOFHE T +
WT—RER>2TWND,
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Table 2. EC number and Feature vector for each chemical equation.

MaxEStatelndex MinEStatelndex MinAbsEStatelndex qed MolWt HeavyAtomMolWt ExactMolWt
3.5.1. 1.415 -1.6875 0.8125 -0.053711 61.040001 58.015999 61.016376
3.6.1. -7.62413 3.657444 -4.738124 -0.206899 79.978996 78971001 79.966331
3.6.1. -5.56906 422743 -4681925 -0.097512 0.0 0.0 -0.0
3.6.1. -5.56906 4.068902 -3.057568 -0.272087 0.0 0.0 -0.0
3.5.4. 0.017361 0.014793 0.036602 -0.063832 0.0 0.0 0.0
=5.1.1. -6.828515 -0.668523 -1.021632 -0.087708 0.0 0.0 0.0
3.2.1. -8.720595 1.384253 -0.518534 -0.069449 0.0 0.0 -0.0
3.2.1. -8.708548 1.381274 -0.495988 -0.069449 0.0 0.0 -0.0

RIZ, BRI PLT =2 0¥R %177, RISROFHEE(EICKIEE
NEEND BREOEARFZHIBRLE., £ LT, &7 7 XADFHEELED
99.5% U LFE L WMBEL L2 RFZ SSTEHIBR L7-. S oICHEBEREN 1 &%

DEBFRTHN2EHEELLLZD, TNET N ADERFZRNALE. BR
138 RITDFHAN T bLriEont.

£/, AARTIEIRSHANED ECESICET AL DY 7 ADFEOBE R
AT B, FRTHECESDI T7R0BEERITRADT—XBONR%E
L7z (Table 3(a)). EC3 DRIGHRD 5B, 7—X2EH 6 ULD ECESDH
ZERALTWS, F1HIC, T—2HIRND 6 D HERAD 155 ERHELT —
XD T2, Python @ imbalanced-learn 7 A 7 7 U 1284 % SMOTE Z AL\ T
F—N—=HB 2 TY T HTo N, BTDITRADOT =% 1551745 &
SICHAEL, HEERAIC3100EDT —ZH1EF o7 (Table 3(b)). HIEAYIC, &
JI7ATEBT—RETAMT—RDEEN 41 LR DEHHFIHEIL, &
2480 MO T — X = WF BRICEFB I 7=,




125
126
127

128
129

130
131
132
133
134
135
136

Table 3.

The number of feature vectors of used EC number.

(a) original data and (b) data after using SMOTE.

(a) Before applying SMOTE

EC Num of EC Num of EC Num of
Class || Equation ||| Class || Equation || Class | Equation
3.1.1 122 3.2.2 24 3.5.5 12
3.1.2 n9 3.3.2 6 3.5.99 11
3.1.3 152 3.4.13 6 3.6.1 94
3.14 29 3.4.19 7 3.7.1 35
3.1.6 14 3.5.1 155 3.8.1 16
3.1.7 8 3.5.3 25 3.13.1 9
3.2.1 131 3.0.4 47 Total 962

(b) After applying SMOTE

EC Num of EC Num of EC Num of
Class || Equation Class || Equation Class || Equation
311 | 155 | 322 155 3.5.5 155
3.1.2 155 3.3.2 155 3.5.99 155
3.1.3 155 3.4.13 155 3.6.1 155
3.1.4 155 3.4.19 155 3.7.1 155
3.1.6 155 3.5.1 155 3.8.1 155
3.1.7 155 3.5.3 155 3.13.1 155
3.2.1 155 3.5.4 155 Total 3100

Random Forests(RF) & SRl FiERIC L 2 FHETIVOER - FFlE HWHFE
& LTRFZAV, BRFORMEICH L TREANS ML enET2ET7 L%
R L7e. T—4 98I 5BRICAVIEHHMEDIRE LBREICDWLWTIEY ZFH
EFExZRAWTCRE L. F1HIZ, forward selection (C & 2 FFEUERZIT>7-. 7
A 771 & L T Python mixtend.feature_selection @ SequentialFeatureSelector '?
AV, RFPBICBVWTEBT — 2O FARBEMEML G %5 £T, BRF
129 DBML7. RIS, RED/IRTA—ZCRERDERRES, REAKRE
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LT, Uy Y =FICLD T A -XFARERITLI. &6, HEER
ENTA—LREROTMERE LTF RaT7 2RV, B 5 HDEIZERE
ICL DFIETRML 72, £ DR, ABNTA—KXTRFETMZEERL, T
AT —R%ZANT B LT, DERBREOHEZITT-.

MRS T 3 ECESFUBEEDTFM 3 2DOEC I 7XICWLT, 1k
EYER Y ¥ BRENDA ICEREH SN TWAXXEA S, EEXAV-EBERE
ZEBEL, &4, FF1R2EORICAZEE L7 (Fig.2,3,4). SO DRIGE
X, YOECESICETHIEERICTHDHMHMEICHEAL W3, 50,
SMOTE ETRIO T — AL W EC3.1.1, HNICT —KEHDFHRED EC

371 B L EC3.53 ORISR ZZNZN 4T OBIR L7z, FRHETILICA

HDLEBICELWECESICTFAINS A%, FRAHERZAWVWTEHMEL . EC

311 D4 2DRIGHT—ZDS5H, 2 DlE SciFinder” ' ¥ PubChem TAF L
7= MOL 7 7 4 /L% RDKit T SMILE |[CZ#a L, HH~NJ MLEHET S &
THWE L 7= (Fig. 2(a)(b)). &Y 2 2DF7—%&, BLUWEC3.7.1,EC3.53 DT —
£ |3¥ BRENDA 75> MOL 7 7 A L ZE§ L 7D b, RERDFETYER L 7=
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o o}
O._ _OH Lipase O. _OH
I e e A R
HO  OH

HO  OH
ibose propane-2-one
n O-isobutyryl oxime 5-isobutyryl ribose acetoxime
o (o}
O.__OH
®) wo NV . N L Lo
/ OH \__/ 2
HO  OH HO  OH
ribose isobutyrate 5-isobutyryl ribose

CHj
ool
0~ o OJ\/\/\/\/Z\/\/\/\/CHS

(c) 4-methylumbelliferyl oleate CHs
EC3.1.1.1 = . o
RO — CHs
0~ "o oH HO
4-methylumbelliferol oleate
O

OJJ\/\/\/\/\/\CH:; OH
(@) i 0 G
* HO /= HO CHj

NO, NO,
4-nitrophenyl laurate 4-nitrophenol laurate

Fig. 2. Literature reactions (EC 3.1.1). (a) is the first reaction in the enzyme screening
to synthesize mornupiravir '*. Since the enzyme Novozym 435 (Candida antarctica
lipase B) belonging to EC 3.1.1.3 'Y gave the highest yield, EC 3.1.1.3 was considered
to be the correct class. Although, in the literature, acetoxime is not described in the
chemical equation, it was added to the right side of the equation assuming that it is also
produced as a product. In addition, tert-amyl alcohol was included in the left-hand side
of the chemical equation because it was used in the synthesis of (a), and the amount of
changes in characteristic value were calculated as the difference between the sum of
terms 1 to 3 on the left-hand side and the sum of terms 1 to 2 on the right-hand side.
(b) is the enzyme reaction we assumed to occur. In (a) and (b), the reverse reaction was
input to be predicted. (¢) and (d) are one of the literature reactions of EC 3.1.1.3 and
EC3.1.1.1 (EC3.1.1.13) described in BRENDA, respectively.
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NH,
. EC3.7.1.3 N " OH

o me SO Y
N, OH NH, O

(4R)-dihydro-L-kynurenine 2-aminobenzaldehyde L-alanine

o EC3.7.1.7
®) T oy o "
(0] o e}

1-phenyl-2,4-butanedione 1-phenyl-2-propanone acetic acid
EC 3.7.1.14 T OH o
(c) + HO0 — ~ + HO)J\/\”/ OH
b ) o)
(2E,4Z)-2-hydroxy-6-oxonona- (2E)-2-hydroxypenta- succinate
2,4-dienedioate 2,4-dienoate
OH O EC3.7.1.19 QM ., O
(d) N NH. + HO0 ——— B NH
N CH, N HO “CH,
HO™ 7 HO™
2,6-dihydroxypseudooxynicotine 2,6-dihydroxypyridine  4-methylaminobutanoate

Fig. 3. Literature reactions (EC 3.7.1). (a), (b), (c) and (d) are one of the literature
reactions of EC 3.7.1.3, EC 3.7.1.7, EC 3.7.1.14 and EC 3.7.1.19 listed in BRENDA,

respectively.
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JI\Jl\l-l EC 3.5.3.1 0
(a) + H0 —_— +
HoN™ N NO H-N NO J\

H 2 2 2 H2N NH2
1-nitro-3-guanidinobenzene 3-nitrobenzenamine urea
1) H H Q
H H O N~~~ N
HN N\/\/\/N/,,. OH
Y -~ “OH
NH,
NH, EC 3.5.3.6
(b) + 2H,0 ——— + 2NHj3
i NH
agmatine-L-Arg NH N5-carbamoyl-N2-[4-(carbamoyl- )\
)\ amino)butyl]-L-ornithine o NH,
HN NH,
N O EC 3.5.3.18 H Q
(c) Y \/\/\‘)J\OH + HO — HZN\H/N\/\/\‘)J\OH *+ CHy'NH;
I}IH NH, 0] NH;
CHj;
N-monomethyl-L-arginine L-citrulline methylamine
O
EC 3.5.3.20 J\

H
HN N~ _~_NH
(d) Y z + H0 HN o~~~ NH2 -+ HoN™ “NH,

NH,
1-amino-5-guanidinopentane 1,5-diaminopentane urea

Fig. 4. Literature reactions (EC 3.5.3). (a), (b), (c) and (d) are one of the literature
reactions of EC 3.5.3.1, EC 3.5.3.6, EC 3.5.3.18 and EC 3.5.3.20 listed in BRENDA
respectively. The coefficients of the reaction (b) are not considered in the calculation of

the amount of change in characteristic value.

KEGG DT R FTF—RICHTRETFADOFARE RF 2H 7Bk FEIR
ENRTA—ZPFEBEIZLY, BEOERFHIERIN, RERDRKXRI 15,
REAREB00 &% >7z. KEGGDT AT —RZETIVIZAADLEZBRD, &7
7 A D EZHK (precision), FBIRHK(recall), F1 X7, BLUOEFHEZEHL
7= (Table4). F1 X I 7ICEAL T, SMOTE #EI (Table 4(a)) IFIX LD EA'H
D, BEABIEICEWECESHAE L MN/H, SMOTE #EA% (Table 4(b)) 1
SEMNICEWELRY, FRABEORENRE LN,
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Table 4. Prediction accuracy of created models for KEGG test data.

(a) Before applying SMOTE

EC Num of | Precision | Recall F1 EC Num of | Precision | Recall F1
Num | Equation Score Num Equation Score
3.1.1 25 0.96 0.96 0.96 3.4.19 1 1.00 1.00 1.00
3.1.2 12 0.92 1.00 0.96 3.5.1 31 0.94 0.97 0.95
3.1.3 31 0.91 1.00 0.96 3.5.3 b5} 0.83 1.00 0.91
3.14 6 0.86 1.00 0.92 3.54 9 0.89 0.89 0.89
3.1.6 3 1.00 1.00 1.00 3.5.5 2 1.00 1.00 1.00
3.1.7 2 0.00 0.00 0.00 3.5.99 2 1.00 0.50 0.67
3.2.1 26 0.96 0.96 0.96 3.6.1 19 0.86 0.95 0.90
3.2.2 D 0.83 1.00 0.91 3.7.1 7 1.00 0.71 0.83
3.3.2 1 1.00 1.00 1.00 3.8.1 3 1.00 0.67 0.80
3.4.13 1 0.00 0.00 0.00 3.13.1 2 1.00 0.50 0.67

Total 193
Average 0.85 0.80 0.81
Accuracy 0.92
(b) After applying SMOTE

EC Num of | Precision | Recall F1 EC Num of | Precision | Recall F1
Num | Equation Score Num Equation Score
3.1.1 31 1.00 0.94 0.97 3.4.19 31 1.00 1.00 1.00
3.1.2 31 1.00 1.00 1.00 3.5.1 31 1.00 0.97 0.98
3.1.3 31 0.97 1.00 0.98 3.5.3 31 0.97 0.97 0.97
3.1.4 31 1.00 0.97 0.98 3.54 31 1.00 0.97 0.98
3.1.6 31 1.00 1.00 1.00 3.5.5 31 0.89 1.00 0.94
317 31 1.00 1.00 1.00 3.5.99 31 1.00 1.00 1.00
321 31 1.00 1.00 1.00 3.6.1 31 1.00 0.97 0.98
3.2.2 31 0.97 1.00 0.98 3.7.1 31 1.00 1.00 1.00
3.3.2 31 1.00 1.00 1.00 3.8.1 31 1.00 1.00 1.00

3.4.13 31 1.00 1.00 1.00 3.13.1 31 1.00 1.00 1.00
Total 620

Average 0.99 0.99 0.99

Accuracy 0.99

XORIET— 2 TR3ETILVDOFIFE

~

BRENDA & XEkH 5 EXE L
FEBERIGHAEDECESTDY ZAIBTA(FAINE)DD, FAERDS

WHE DA BIEIC 1st, 2nd, 3rd T/x L 7= (Table 5). EC3.53 &I IFVWINd
EFfEADECESN1IFZBBHICFAEN, EC3.1.1 DI T2 2, EC3.7.1
DODRIGETIE 1 27, ERDECESHN 1 FBICTFA I NI,

¥7-, Ef2
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EC HE5H' 1 FBICF R & N7z Target (CDWT, Z D F BB (Probability) IZ 1R
DR ont:.

Table 5. EC number prediction probability for literature reactions (Target).

(a) Target Equation (b)Target Equation (c)Target Equation
(registered as EC 3.1.1) (registered as EC 3.7.1) (registered as EC 3.5.3)
1st 2nd 3rd 1st 2nd 3rd 1st 2nd 3rd
Targetl | 3.21. | 311 | 381 Targetl | 3.13.1. | 37.1 | 3.599. Targetl | 353 | 3.13.1 | 3.7.1
Probability | 0.349167| 0.095 | 0.08375 | |Probability|0.251406|0.127435 | 0.124286 Probability |0.952604 | 0.009063 | 0.007774
Targetz | 3.21. | 311 | 3.7.1 Targetz | 3.7.1. | 312 | 351 Targetz | 353 | 3599 | 354,
Probability | 0.230313 | 0.179375| 0.1525 Probability | 0.293299| 0.2725 |0.119097 Probability | 0.7375 | 0.07625 | 0.07
Target3 | 3.LL. | 371 | 32.L Target3 | 3.7.1. | 3.1 | 3.2 Targets | 3.53. | 354 | 3.599.
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Targetd | 3.1L. | 371 | 351 Targetd | 3.7.1. | 312 | 351 Targetd | 353 | 3599 | 3.LL
Probability | 0.922124 | 0.052175| 0.007679| |Probability|0.991954] 0.0025 | 0.001625 Probability | 0.99875 | 0.00125 | 0
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Abstract

The four-digit EC number contains the enzyme names and the chemical equations which
the enzyme acts on. In this study, we created a model that predicts an EC number of
optimal enzyme candidates for a chemical reaction. After that, the model was evaluated
whether if it predicts the correct EC number, using the enzyme reaction data listed in the
Kyoto Encyclopedia of Genes and Genomes (KEGG), BRENDA and other literature.
We developed a Random Forests (RF) prediction model to predict the subclass and sub-
subclass (second and third digits) of the chemical equation belonging to EC 3, which
consists of two substrates and two products. First, character data of EC number and
chemical equation were obtained from KEGG and converted into values. For
quantification, the amounts of changes in 208 descriptors (physical and chemical
property values) when substrates change into products were calculated for each chemical
equation and 208-dimensional feature vectors of the chemical equations were created.
Next, SMOTE was applied to oversample 962 feature vectors to 3100 vectors. Then,
descriptor selection was performed for model creation. Forward selection was applied
to the RF and 23 descriptors were selected. Parameter tuning resulted in a maximum
decision tree depth of 15 and the number of trees of 800. The predictive results of the
created model yielded an average F1 score of 0.99 for the test data of KEGG. In addition,
the prediction accuracy was currently enough for 12 literature reactions listed in
BRENDA.

Keywords: EC number, Organic Synthesis, Machine Learning, Feature Selection



