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B ENE BAROCRIEAL, 67 1 IR AR T
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1.1 FRFAIFEHIR S FREENEILERETEREES

Hodl R UE T O F FIBE 2, 35 SweetDB!' |
SuperSweet!'”), PubChem ™ &% ¥z i LA K SC#ik[20]. JFEFH
43 TR M FlavorDBPY L K SCifR [25-26] 4 4 S04 R 1
B FrEHO. T ES MUK ARE. KB BK
YRR BE-/K 2 FiC R BCSE M RN TOE H 0. 23 3R
WRFIERH 7> T 4 7% . PubChem 14 &1 7R 45 (CID
ok SID) My 1454 (SMILES) FTJasts. £ N T
O ERS FEMEEINULSY FEML TREATE
AL N REIRTE 0 o, FR0% % R 0 AR R 23 7 DA
T SRR AR R 7 AT A
1.2 FEIRTFRYAE ROFRIE SR

FIH MOE #44 (Molecular Operating Environment,
MOE 2015.10) 4:H% 206 4~ 2D 4 F 18 FF R AE 7 45
PP, SR FIASEI = A POt DU 5 1 3k 43 TR 75 -
T 2 P30 5 U7 2 G0 AN 22 Bk SRR (1 D7 VE R R R A R AT
VIGO0 s A7) 20 07 39 i 19 21 00 48 38 A4 SR FH AH 96 1 A 56
17 0 R RO — B T, Bk e 4 F IR R S
TR IR AT MR 0T, THEIR R 2 1) HER T
550 2845 W nki B 2 (RN AR OC R B, 25 AN AR 77 2 [7)
MIAHE RBOR T 0.95,  JUIMH Rkt 23 2K B0nt it D mik 26/
MAER R s SR FH 320 20 M B 7 7250 1 R R 1A T I S e
1, MHBRXS 73 B0 R TR EE /N T 0.5 MR KT . iR
R 0 38 T LA AGAE R0 RBEAY,  H A5 28 Fr) G R T
TR RS,
1.3 KRS FIRAER A IZ SLAIFMR

KH RIBEFH 1071 (A 1.7-4) FFmEHLEE
A F1 RandomForest (ARA 4.6-14) FENIARMA L@ E AT
BRI, 4 80% A FHAE NI ZR4E, 20% %k
RN, P ey =S 2Ok, Fikies
LSRR B B AT 40 5 ARAD

S P R R 43 20 1) Y RS2 4% 355 AR 0 i 4% T AR SR AT
YA () TSR, AR R A 305

acc(f:D)= -3 H(fx)=y) (D
m
:_EQEF‘ D ig7'7—\‘1:_}'é2"‘%{(xla yl): ()Cz, y2)7 (ER (xma ym)}’ yl/TJQ%%
BTG RER, xREEEE, RGN TRAERT, »
& x; AR, foo) LB SE R, m RRFEALL.
TR IR AR, I8 W] DLK F 32 R R

fiE ROC (Receiver Operating Characteristic) R PFAL 71 Tl
JfifE, ROC HIZE FTHAL AUC (Area Under ROC Curve)
RS, DUPRE AR T Ak B - ROC HH 2R R A 1-Specificity ”
RERZFR”, B “fRIEHIZ” (False Positive Rate, FPR) ,
i Sensitivity 1< REUE”, BI“ EIEH]Z ” (True Positive
Rate, TPR) , —FHHIE LIHliE:

FP

FPR=——— 2
TN+FP

TPR= TP (3
TP+FN

s\ TP FP. TN, FN 735 R HIEW] (True Positive) -
TR IR AR 701, BUEA] (False Positive) = FHIMIHE
IRITER T, E =] (True Negative) : Pl IERAIIE
Bt o7, UxB (False Negative) : Fii4HE = AR 4
TR EIREBIEL, TP + FP + TN + FN = RS HL .
1.4 FHE TSR B9 S AEN

KH R & F 1 caret € (JRA 6.0-86) HAZ RSy A1
(Principal Component Regression, PCR) . k FARiriZ [ H
(KNNR, k-Nearest Neighbor Regression) -« Afifx/N —FE[FlJH
(PLSR, Partial Least Square Regression)- fEA/LZF#K[E] T (RFR,
Random Forest Regression) PUFHETEFUMIGAL, 4 80% 1%k
PHAENIZRE, 20% 1% VRN, Fes @ fiwk o1
IR RE . SRR A R B B AT S AT,

ZEATAL K FH AR AR 22 A 10 F7238 ke 10 $1238 X
RV SRR LRI 73 B 10 DN AN FREA, BRI
WA 1 ADSFREARENNRE, HAR 9 MEIZEN
AL, EEMIPIR 10 K, B BGASFREARE AR
8, FXHF IR ARG R AT o2 & 00 it
%715 T DAAS HA A58 2 000 285 SR Ak 381 s A I () 2 850U
Xt TR ALY,k E R (R M TTARR
(RMSE) RIFMEICAL TR /1, R? MiEiE 1, RMSE
B 0, BIAHUA RURBRGT

PE R H R AN TR % RMSE FIARE R H

R= Z; (ycxp, ~ Vexp, )(yprcd, _yprcd‘)

no o
Yexp — Vpre

4

d

_ 2
RMSE:\/ZW (yexp ypred) (5)

i=1 n

X n RMARE T HINEL Yexp & MK P 231 HH
IR EUE 1g(S) (S LR THIFHED 5 yprea 72 AT
W TSI, o, Mo, AHZ Yep B Vo
RIbRHEZ o
1.5 FHIRD FRILTE

5 FH C L B IR 7 IR B AL T FooDB £5#% P2
R R A RRI 70, i BER R A AT 28 772
A, MIBRHHE MOE 505 5 & 2514 1) 73+ A 25 40 52
AR NIRRT 70T, IR T 24 71350 KT H
93§ G AL DR 43 - SR AR T A N AR TR0 5 E ) R
VIR, WA EAER, T R A TR S R
FTE RIS A7 7E https://gitee.com/wang_lab/EMMSM .
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2.1 EFHBRANAEEHIR o FEUIRSE

B S 356 ANMHIES T 356 NGRS T, &
ST TSR BT () B B2 K5 T SuperSweet [k TR
AHISCHR, A 356 ANEE CRSCRETE(EINEL 10
R B PR JE 45 ) JuRETE-0.744 7 3 7.350 0 2 [A](1)
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Fig.1 Chemical spatial distribution maps
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BRI 0L 2 0 7 R 32 A 4 A A i AE R AR, H
sief SRR E, EUAENTRT, 2HET TS T
252 R F 7E O RE A A PR RE, T AE ML AR A S5 =
AR R RER S, XATRER T 1 =4k 451
MR A S B, AWFFCRM 2D MR FF . Al
FEXS H AT B AT 1T T7 Z IR AN L BRI M7
AbERSE, FEAREE AR SCHEA IR AN PCA 43 Wit R 45 #E4T
g, SR TIRBIBA RIRTT 110 A, S R H A
TRAFIHEIR AT 88 /> 181 2 AR RAHKIE,  RIRAH AR
BB T Z A AR R IR RITT [], P2k
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RABI L RHEBOR o 3 R AT AH R B A el L, A2
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Fig.2 Variable correlation plots

2.3 FHRRSFIRAIEE

L TCHUR oy E AR B S 276 ANAETAR > TH
276 NMERIR T THINIGREE, HAR 178 MorTAE AL,
“KH RF (Random Forest) 1 SVM (Support Vector Machines )
PRFP RS AT AR 7R A, SRR A AT 202

FE SVM H1, U £ [ 3 bR 45 (radial) 1F 0 W AZ R L
NN FF R ENER ST 2B S5, KA
TSR RN 10 H758 IR 7%, IX B cost T &
[10°: 10"], gamma FITEREZ[107%: 10", e i

UEAE P 5 4P 25 cost 4 10, gamma A 0.01. 7E 10 47
R SCIGUE A, YIZREER 53 i 10 AR/ 48, ff
HA& 9 NFE ERIGSER G — 714, Hik,
BN YIRS SR T — Ik, BRI 22 0 58 Y e
WER R BE S HERA TN . RF 2 — AR 5T 2 A0 B AR
%4, I Bootstrap FHFEHY I 7 #SMAIBENLIE)Z . RF
B EZESHUE miry (A ntree 15, 2 AR s H T =
XA B LSRR A E . 2 AR R A 10
P8 XIRAE, i€ iS5 miry {H8 2, ntree 4 81.
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PIAME L 43 2R3 R W B 3 . B 3a W AR BRAR
KERRIZE, PR REE, ROC 4 T HIHR
K R AT Ay AU R AT, RF A SVM 3% ACU fH %
A8 0.987 A1 0.986, H.id A Y vk ff P2 I A 26 1 (1] 3b)
IyHT, PARAIEE B E M ZE R (P<0.01) , XTELAT LR EL
RF 58 ()53 2880848 T SVM i . Zheng 24 1
FHWR > 7 PR, 3 2KUERRN 0.91. H@ER&EPT
2021 FERYEE T ERINBIREAL, 23 2RUERR N 0.934, 5L
EAFFEAH LG, AT S FEASE AT, #RR
BB E IR TS, WERREIAE] T 0.966, St TH 5

B B T R
1.0 L
208} ) . 0975+ |
= —BEHLAR ) ‘
¥ 206 Random fores = 0950} —
5‘5 ACU=0.987 3
E 804t —ickrithl 5 0925t
g Support vector machine 7%
Eo2l|  ACU-0986 £ o900}
= S : 0.875 . —
0 02 04 06 08 1.0 SERENL BEHLARAK
[FNRES Support vector Random forest
False positive rate machine )
4 Model
a. ROCHIZk %] b. HERAT L A

a. Receiver operating b. Box plot of models

characteristic curve
B3 #ke TR LR
Fig.3 The results of sweet taste molecular recognition models
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b. The prediction results of KNNR

True relative sweetness
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a. The prediction results of PCR

(Principal Component Regression) model (k-Nearest Neighbor Regression) model

TIEI AT X

F T V5K A S E B AT T, 7R 30 Rl A I 25
B LUK 10 FAL &Pk 4E B R IER T 0.95, LA
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R AR AR, A3 A T 30 AN K SR N T R
FEAE, BUMAA RPIER] T 0.747, HEALLGE 4SS F 5 oRF
B XTI 254 4.61%, [R 1% 5 78 fit g v 7y b 39000 1572
ﬁﬁ}g[%]o

AHIE 5K F TG TRl R (14 5 32 B AT LK B R A A5 2
N 267 AN RIS 89 A4 T A4,
FERTAL A Pl FE A HEAT X B b 3, 357 PCR. ANNR,
RFR. PLSR YRR ALY, A @ 10 728 EHIE
RS ARG, SR0E 4R, B ELRE
ELEPLA 2R, B AR R MR R FE A Hh 43 7 1) B S
B, B RREE XN, BEKEHN 95%. B 4a l
TR A B R FE N s R, g5 R EOR R=0.58,
RMSE=0.84. & 4b & ANNR BT SE R, 24 k=5 I,
PR B AR E, T RCR A, 4R ER R=0.68,
RMSE=0.73, #iffEFMRRIEILT PCR 8. & 4¢ N
RF [ AR R FRM A5 5, 24 mtry {58 2, ntree A 81 I AR
RUFHINR FBe lf, 45 5 R R’=0.82, RMSE=0.60, #fJ
TR AN FEAR . 18] 4d O PLSR REAUFHI&E 5, FLSKL
AR T AL P40 2 [ 9 2R 435 SR & 7R R*=0.70, RMSE=0.69
SF RF (1 [m] VAASEAY B4 40 - A S0 2 ST (B (R°=0.82
1 RMSE=0.60) , H B F 5 SR % 4f

5 g

£l I

ksl ksl

o o

g BE

A Eo 4

° B

g 2| ; =38

Z " B 21

2 ;Ui B 0.82 2 “ i RHR=0.70

F Of.. WRVERMSE060 g Ry 2ZRMSE=0.69

Q Q 1 1 1 1

£ 0 2 4§ £ 0 2 4 6
FLSAHR I FLSAHXT I

True relative sweetness
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d. The prediction results of PLSR
(Partial least Squares Regression) model
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c. The prediction results of RFR
(Random Forest Regression) model

B4 A TRMARER g R
Fig.4 The prediction results of sweetness prediction models
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I FH T 3R & R 20 5 A TR i) 55 AL R R 2 - i 9
DAL, TN S T LE R EF R 87 . FooDB & H Hij i
KB E . AT RIEF RIFIR >+, AT
%t FooDB 4 i i 47 N TAIHL 848 EGE, SFI&AE i
24 735 N AT TR S E TN . BT RF AR
TSI FooDB 431, 2% F RF &R 0 A5
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1B TE AR 237 542 Ao AR TOIIAE 2 AOTE £ 5 4
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https://gitee.com/wang_lab/EMMSM . i it ik 43 - 5% P
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x1 WA FEUNRHETNE
Structure formulas and sweetness prediction results of
partial molecules
47K Name EIFE{H Sweetness value
HLEZ Inositol 1.638
6-0-a- R H-D-H 2 i

Table 1

6-O-alpha-L-rhamnopyranosyl-D-glucose 3447
2, 3-TRRAEE2-RINR 4311
2,3-Dihydroxy-2-methylbutanoic acid ’
LIRS Methyl acetate 4.885
#4E*E 3 B1S Vitamin B15 4.925
3 & it
AWFFCESL TR PR ORI Y, T AT 2
DL R 458

D AFFFRESL T M ANTBIER . FREEEH. WA
TFU5 i R AREI R L SR 5T K it e A
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2) AW ST ET R 2 R B A, R B F
0.966, ROC £ FIHIAA 0.987, HA RIFHIEKR
FIRARE T AL ALY, YeE RE0A 0.82,
B HRRZR 0.60, HAM R BB 77 & 5 A

30 AT FUIK FH 58 PR A AR 73 TR0 B A R 5 = A i
FETRIAERY,  7E B b o B 128w R A HA T TE TR i 7
F 542 4

KT T B AARIS IR IR, FLARE 7SN G BE AT LA
A FCRARED, gkl R IR A A R R, trT DLkt
BRI, RIS E AR IS K. TR N T
FH R R, BAT A 1 SE R B A E
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Establishment of the mining model for sweet molecules in food
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Abstract: Sweet taste is one of the most important tastes in food flavor and quality. Sweet molecules that can be used to
produce new sweeteners have also been actively explored in food processing. However, the traditional methods cannot meet
the rapid development of the economy and market demand, due mainly to time-consuming, laborious, and inefficient
methods. Therefore, an effective and reliable strategy is essential to produce the sweet stuff. Currently, machine learning and
structure-activity relationship can be utilized to realize accurate predictions of sweet molecules in the food industry. In this
study, a new database of sweeteners and non-sweeteners together with the scores of sweetness was established using molecular
sweetness and structure-activity correlation between molecular structures. MOE software was selected to compute molecular
descriptors, to fully characterize the properties of molecules. These descriptors were then filtered through neighborhood
variance screening, collinearity removal, and principal component contribution rate screening. Specifically, the feature
descriptors were screened by removing the descriptors with high correlation. 80% of the dataset was then divided into training
sets for model construction, and 20% were divided into test sets for model validation. Random forest and support vector
machines were utilized to establish a qualitative structure-activity relationship for the prediction and identification of potential
sweet molecules. Evaluation indexes were taken as the area under the receiver characteristic curve (AUC) and accuracy rate.
The higher the AUC and accuracy rate represented the better classification. As such, the optimal model was obtained.
Subsequently, the principal component, K-nearest neighbor, random forest, and partial least squares regression were used to
establish the quantitative structure-activity relationship for better prediction of sweet molecules. The determination coefficient
R? and Root Mean Square Error (RMSE) were used as evaluation indexes of the quantitative structure-activity model. The
higher R* and lower RMSE showed the better model. The optimal model was obtained to compare the performance. The food
composition database (FooDB) was applied to predict the possible sweet food ingredients and the sweetness. Correspondingly,
the publicly accessible dataset was established ranging from artificially revised and continuously updated on sweetener,
non-sweetener substances, and sweetness values. A new model was established to identify sweet molecules using the random
forest. The accuracy of the model was 0.966 on the test set, and the area under the ROC curve was 0.987, indicating excellent
predictive ability. The prediction model of sweetness was also established using the random forest. Specifically, the R* was
0.82 and RMSE was 0.60. A manually modified data set was established to combine qualitative and quantitative sweetener
prediction. 542 potential sweetener molecules, including lycopene were discovered in the food composition database. All data
and code were then stored at the website of https://gitee.com/wang lab/EMMSM for a better extension. Consequently, the new
model indicated universal applicability and high practical application in searching for new sweet molecules.

Keywords: machine learning; sweetener; prediction; qualitative structure-activity relationship; quantitative structure- activity
relationship



