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BRI RERL CALRRARZE IR 28 Rk SR O REHEAT LR
4.1. 20 i (5 ELE5 SR
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S I TR A BRI T AR . LI 7 20 BT,
BAFEIEFE A K EAAER (mL-mol™ . s 55 B
(K. wHIE S (bar, 1 bar=10° Pa). HIREE K. £
YrE SR 298 KIN A B HAE (kJ-mol™) . FrifE
AR (kI'mol™) . 298 K HIMELKE (kI-mol ™). 298 K
i} ) Hildebrandt J5 £ 250 (MPa™) . 298 K i () A4 ek
(kJ-mol™ . LC50 (FE3k&%) (mol-L™H). K& HRF=FMH
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Number Property Notation Number of active groups Number of data points
1 Normal boiling point (K) Tb 369 4658
2 Critical volume (mL-mol™") Ve 235 723
3 Critical temperature (K) Tc 231 717
4 Critical pressure (bar) Pc 235 724
5 Auto ignition temperature (K) Ait 183 542
6 Bioconcentration factor bef 222 554
7 Gibbs energy of formation at 298 K (kJ-mol™) Gf 230 706
8 Standard enthalpy of formulation (kJ-mol™") Hf 245 877
9 Enthalpy of fusion at 298 K (kJ-mol™) Hfus 246 706
10 Hildebrandt solubility parameter at 298 K (MPa'?) Hsolp 291 1278
11 Enthalpy of formation at 298 K (kJ-mol™") Hv 154 395
12 LC50 (Fathead Minnow) (mol-L™") Lc50 fm 250 680
13 Toxicity (oral rat) (mol-kg™") Ld50 373 4728
14 Liquid molar volume at 298 K (mL-mol™") Lmv 255 987
15 Octanol-water partition coefficient logP 375 11236
16 Aqueous solubility (mol-L™") logWs 340 2306
17 Permissible exposure limit (mol-m™) osha_twa 180 399
18 Photochemical oxidation potential pco 149 546
19 Acid dissociation constant pKa 282 1502
20 Normal melting point (K) Tm 397 8408
®R2 BRER
Model SVR GP GP-WP

Parameter

Hyperparameter

c(vector), b —

He ol 0100,

o0, 0, 1,1,,0

Training step Tune hyperparameter via grid

search and cross validation; cross validation

optimize parameter with Eq.

(@)
Prediction Calculate property value using Calculate propertyvalue using Eq. (4); esti-
Eq. (1) mate model uncertainty using Eq. (5)

Tune hyperparameter via grid search and

Tune hyperparameter (a is used for mapping) via grid search
and cross validation for both zero-prior or SVR prior; use the
cross-validation result to do prior predictive checking, as
shown in Eq. (16)

Calculate property value using Eq. (19); estimate model
uncertainty using Eq. (20)
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SVRERI I TR () I, HESH Ml
python f4 skopt.sampler (scikit A6 2E)  FIMHA 1% 2 14047
B[R RO R 7 v, 3 RMSE BAR I 7 VEAE
J9SVR R . SVR R AL AL 2 i ik python £ sklearn.svm
(scikit-learn £) 52N, 2 J5 RIS REAS ThRE 4L 119 DTk o
GP M HEANESHAE R TRE (7 B 4% ok 20817 1
B, @ DU HEE SRR AN B R T . SRS, IR
Pl 3 1 (1) 45 1) ST GP-WP AR Y . ) T sk A el (G
BoNED) B, ol EANESE PR —A
KEHMRED . ENZRdFEd, ] LA 2556 10 45
%o EHTTREL (16) #iEmA N GP-WP R, 7EiXH,
BT R A B E N 0.05

B, WMEAFEMIRERER (1% 5%H10%) Wl
A FIBAE AR B rEGE, WS Fos. #3T =51
XL SVR,  HE] = F0 0] N B GP, i JE = 41 6] B GP-
WP R ANFEAT RS A R BRI E b, Wi s —17
NV TR EIRFTE 20N @ ERCEME. TERSH, A
FormE AN, EERREESH.

5 v SVR A HY N L Ay AL 2 [a] (13 AR TS
W, BRO9ET = R TR e i . M = AN 1% 1
FEIE, XFPILGARTR NI . R AN IR g M ) TS
AN, AH SVR TG K B 2 A =T 90%. #8110, GP#E
R [ AR R T 90%. DR, 247 B EAR R A B

1% 5% 10% 1%

Tb

Ve

Tc

Pc

Ait

bef

Gf

Hf

Hfus
Hsolp
Hv
Lc50_fm
Ld50
Lmv
logP
logWs
osha_twa
pco

pKa

Tm
\ A

VLB RS FE TS, GP B2 — AN AET e . [N,
M AT LR . GP-WP 7E 1% 5% F1 10% FR{H T 1)
T EL (O B 94.57% 96.52% F197.64%) ¥ TE
LGP IR 7350 (435092 94.51% 95.78% F196.94%)

Bl6 R TR 4 R . RE GP AL S SVR AH
Pege2: 7RIS, (AR B4, GP-WP A
TERZHEME EAET SVRIESRY, = ANBUAR P H
E=AMER g . WAUKIA, X THLeE i (B Hfus #1
beh), WA MR EAIEHE TN AE ). BIRIX P
A GP LAY AT DLER A ASH 8 PRV B, DA o A A AR 2 11
PEREAEE, (HSVRAR KA H T AR I TINS5 5

N7 EF AL SVR. IEN GP A1 GP-WP i %, fif
A QD fMrfER 22) i+HESAJE M RMSE
MR,

1)

(22)

K, NEREER S y, RELBEEAE; p, 3T T
8 yRFTHEEARSERFAME . 2048 M T &5 51
mE3 CEAKHEEL XL QHRE) Fr.
RKIMKAPMERGRERERF SR8 LA
25 @M (Vo) A, GP-WP ALK RMSE M 28.280 4K

5% 10% 1% 5% 10%

A

|

SVR

I

GP GP-WP

average [ 02719 " 05246 ~ 06552 [ 0.9451 [ois67e IGISGOAN" 0.9457 [Nbisks2 INGISTEH

B 5. AE R RN HIREAENFRERER TR AORMANTL, EORRMUE 0.
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Ait

bef

Gf

Hf

Hfus
Hsolp
Hv
Lc50_fm
Ld50
Lmv
logP
logWs
osha_twa
pco

pKa

Tm

Average

&3 BADHARENRES
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10%

1%

5%

10%

|

SVR

B 6. AR R FIRZERE AR T 8. Adormaatl, BORRRATT.

!
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|
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Number Property Sample number RMSE K
GP GP-WP SVR GP GP-WP

1 Tb 4658 43.956 7.654 6.888 0.775 0.993 0.994
2 Ve 723 22.434 28.280 8.704 0.989 0.983 0.998
3 Te 717 78.716 24.307 23.152 0.457 0.948 0.953
4 Pc 724 4.782 0.770 0.743 0.833 0.996 0.996
5 Ait 542 73.612 25.093 21.124 0.679 0.963 0.974
6 bef 554 0.697 0.233 0.262 0.728 0.970 0.962
7 Gf 706 36.542 24.034 11.942 0.972 0.988 0.997
8 Hf 877 66.485 22.995 9.394 0.930 0.992 0.999
9 Hfus 706 5.802 1.380 1.091 0.801 0.989 0.993
10 Hsolp 1278 1.806 0.616 0.526 0.793 0.976 0.982
11 Hv 395 3.310 2.698 1.630 0.942 0.961 0.986
12 Lc50_fm 680 0.685 0.239 0.196 0.788 0.974 0.983
13 Ld50 4728 0.437 0.104 0.103 0.660 0.981 0.981
14 Lmv 987 0.054 0.002 0.002 0.545 0.999 1.000
15 logP 11 236 0.633 0.101 0.087 0.869 0.997 0.998
16 logWs 2306 0.852 0.186 0.179 0.830 0.992 0.993
17 osha_twa 399 0.820 0.373 0.325 0.716 0.941 0.955
18 pco 546 0.245 0.049 0.045 0.813 0.992 0.994
19 pKa 1502 2.529 0.481 0.437 0.491 0.982 0.976
20 Tm 8408 58.184 12.832 12.008 0.681 0.984 0.986

Bold numbers indicate the best results.
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x4 MRERRES

Number Property Sample number RMSE K
SVR GP GP-WP SVR GP GP-WP

1 Tb 341 28.730 28.290 25.397 0.860 0.865 0.891
2 Ve 49 34.957 108.628 33.432 0.984 0.848 0.986
3 Te 51 93.535 91.140 86.807 0.345 0.378 0.435
4 Pc 52 3.773 2.873 2.770 0.790 0.878 0.887
5 Ait 27 95.601 112.429 94.642 0.441 0.226 0.452
6 bef 40 0.993 0.867 0.973 0.437 0.570 0.458
7 Gf 51 72.592 89.423 44.373 0.816 0.720 0.931
8 Hf 55 48.184 91.825 37.426 0.958 0.849 0.975
9 Hfus 50 4.320 5.187 4.099 0.741 0.626 0.766
10 Hsolp 66 3.715 2.710 2.314 0.424 0.694 0.777
11 Hv 32 7.021 9.480 5.726 0.644 0.351 0.763
12 Lc50 fm 44 0.827 0.939 0.769 0.779 0.715 0.808
13 Ld50 261 0.479 0.442 0.438 0.626 0.681 0.687
14 Lmv 48 0.051 0.009 0.007 0.598 0.988 0.992
15 logP 523 0.602 0.468 0.403 0.878 0.926 0.945
16 logWs 118 0.985 0.824 0.790 0.779 0.845 0.858
17 osha_twa 25 1.305 1.489 1.300 0.426 0.252 0.430
18 pco 43 0.193 0.176 0.160 0.727 0.774 0.814
19 pKa 90 2.586 1.963 1.784 0.390 0.648 0.710
20 Tm 515 59.801 51.847 48.520 0.664 0.748 0.779

Bold numbers indicate the best results.

F18.704, FEMKT 71.45%. LA, B “1% % 22 HAE LA
TR 5 M 93.36% & 1= F 94.88%, Tl MERESE = T
1.63%. HHT RMSE M “1% 22 B{E LA T 17 50” #AER
T I R AR, BRI GP-WP AR TR 45 2 R B R SE
FHXT R ZE T A & T K2 BB e tE. 28 A 40R
£ 5, PIRET GP A 5 SVR R b B A B3
B dbsh, T RZEINE, GP LA KR I I GP-WP
B, IXAE Ve GEFTHFFE L MR, 7R AR
BRI HEWr BAR J5, RMSE B4 1 50% LA b (435
28.280 [EMILE 8.704. 24.034 FEIKE] 11.942, 22.995 [£{K 2]
9.394) ., {EMIREE F, GP-WPH B4 24 T SVR #i 7,
BN HEBUNRERE S R ME . TTLLEH, K SVR B
T /E GP-WP A58 1) S 56 A SR 1

4.2. GP-WP 8 i1 % T AR 43 #r

I —/N1 7R T GP-WP A% T4 4t SVR Al GP 77 7%
ML e ARTTHE—0 UL T LR BR A Se 0 HET R S 56
DS 5 4 A AN 73 ol of HE A HE SR i s Dok Jl I ST
R AR AT LASR S S - A v B P RE

T2, A5 FH A BRIk B L Ak B A B ) 2 ()
PAHICME . BT R S 502 GP IS4, S

EL AR 2> B e A OB IR . S5 LGP AL,
A I i RS P TR () 1 R b A (R RS e M B
Bt ihgt, X T 20 N R 2 e, A L o
Honr DARS R = TR FE . Ah S B R s TN
PERHL RS M RMSE 85 58, RS HIH T — =%
ail. IREHE, Tb. GEAITe MR I RMSE SN (43 A
7.65. 24.034F124.3174546.89. 22.908 £123.68).

RS IMAHLIDIREJE 307 R R 2 LA

RMSE
Property
SVR GP GPrping
Tb 43.960 7.650 6.890
Gf 36.542 24.034 22.908
Tc 78.720 24.310 23.680
GP,ping: GP with warping function only. Complete results for all properties

are provided in the Appendix A.

Fk, M SVRBLRIRILRUFHF, &9 151 it
Wit A . WTFE (14) ArLLREIA, SVR LK H GP
BPLG SVR IR ik 2= . Ah s B B T IR INAT G 4
PERISESE B R IR IS RMSE 45 5, &6 h i)t 7 —Lufg
Fetoml KT Ve M, o SVRA (1 TR 2 O
SR, SRIRHEWTIS RO KIR R T GP RSB I RE



R6  IMASBIRAEWTE TS I T IRIRZE L

RMSE
Property

SVR GP GP
Ve 22.430 28.280 8.720
Hf 66.485 22.995 10.516
Hfus 5.802 1.380 1.108

GP_. : GP with an SVR prior only. Complete results are provided in the Ap-

prior*

pendix A.

e, SIS TIAS 56 I DhRe /e T e B AL . 4521
ME TR, Hhev, FMCV, . 5 s T A Z AR
658 1 GP B B [~ 35 A8 I E 45 2K o AR HE CV,,,, B
CV,on o X(L+p)s B 58 50 2% GP-WP L 1) S 36 2 20,
“GP-WP” %l|ffir. WAL EIRMSE HAITELRF LIS ;
FESEBRIRE R AR AN . FREN R, EReRETRE
A RS IE R I, bef A1 1d50 Y GP,,,,
PALLE MR EE E R TGP, o 58, HGP,,, .. 0
SIS 2 4 AR i SRR . SRTT, TERZ BT,
FIWRIEE R, WHALE LR ZE R EE .

4.3, 5HADFEFRHLES T IR X L
AT FAUE GP-WP B I3 1, ATt — 2P 0g 3
53T GP (RS DAAM ) HoAth - IR 28 27 I BeR AT T L

KT 20/MVER S B0 TG 75 45 RN BT

75

B, ALFEARE RGP o 12 X 48 e v 1) 2 I A
JiEz—, OIS T Y EIN49]. BT R
AR OGP 28 208 3 /R 5 A e
RUBAT LR AR M. AHLLZ T, PRI A B 5 k(e 4
N AR E S RN N B EUE GC T . EA R — MK
PR, XEIER T = AN REBERDE, AL
wM 11236 (logP) /4658 (Tb), & F|717 (Tc).

PREE W 25 I — PO PR T T 2, BATE AR
ANHEZE. BURETmANZE. B2, s/addhitz.
FEIXI AR, R TR MAEmLgs. —fAA T
IR, HE R N LR B S Hu T
W, DRI G (A SCRRN “BP-ilayer”, HA i B
E G=1,2) 1 5 —MAGEEERBE RIS
FBEEZ (HARFR AN “CNN” BIED . S50 4 1 ph 4
TCHZ SR AR, TR SFERSE FIRARE EIR MEdE AT 53 2K 5
FIAF PG OL[50], 5 RARE— D, 7SO T —A
BRI, IS E T ORIERE R FIFE, WL
REFREE . iR E A M SHCRA S . X, §
FHOGHRE EE 38 HL (LightGBMD [51]10] U= 25 S A8 Ak Al sz 3
B B 1 58 Y S (GBDT) . logP Th Al Te f 12 J5 0 &5
ROk 8 ER 10w

Number Property Sample number RMRS:E P CV,.0 CV oo CV onyere X(L+p) GP-WP
1 Tb 341 25.397 26.620 40.590 39.300 41.265 GP,.,

2 Ve 49 36.779 33.432 92.636 19.539 20.516 GP,. ..
3 Te 51 88.795 86.807 92.885 81.427 85.498 GP,. ..
4 Pe 52 2,930 2.770 4.483 2.746 2.883 GP,. ..
5 Ait 27 112.237 94.642 96.667 71.463 75.037 GP on—ero
6 bef 40 0.809 0.973 0.873 0.646 0.678 GP o sero
7 Gf 51 85.228 44.373 97.640 41.666 43.750 GP o1 ero
8 Hf 55 85.378 37.426 116.904 57.303 60.168 GP o ero
9 Hfus 50 5.167 4.099 6.740 6.378 6.697 GP o yero
10 Hsolp 66 2732 2314 2355 1.738 1.825 GP.
1 Hv 3 6.898 5.726 6.530 3.105 3.260 GP,.
12 Lc50_fim 44 0.919 0.769 0916 0.705 0.740 GP,.
13 Ld50 261 0.426 0.438 0.461 0.425 0.447 GP,. .
14 Lmy 48 0.008 0.007 0.023 0.014 0.015 GP,. ..
15 logP 523 0.455 0.403 0518 0.442 0.464 GP,. ..
16 logWs 118 0.817 0.790 0.892 0.818 0.859 GP,. ..
17 osha_twa 25 1.461 1.300 1.093 0.756 0.793 GP,. ..
18 peo 83 0.172 0.160 0.385 0.286 0.300 GP, ..
19 pKa 90 1.784 2.072 2.450 2.407 2.527 GP,.,

20 Tm 515 48.520 49.871 49.843 49.456 51.929 GP

zero

RMSE: not known during training, for verification only. Bold numbers indicate better results.
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&8 WyhlogP LWL IR (11 236 AMFEAD

Testing set Whole dataset
Model

RMSE R? RMSE R? 1% error 5% error  10% error
SVR 0.602 0.878 0.633 0.869 14.26% 29.46% 44.21%
GP 0.468 0.926 0.101 0.997 95.96% 96.99% 97.84%

LightGBM 0.425 0.939 0311 0.968 17.99% 43.89% 63.71%
BP-1layer 0.424 0.939 0.280 0.974 26.28% 63.54% 77.21%
BP-2layer 0.449 0.932 0.277 0.975 31.05% 66.18% 79.02%
CNN 0.400 0.946 0.107 0.996 29.83% 78.38% 88.85%
GP-WP 0.403  0.945 0.087 0.998 96.03% 96.97% 97.86%

Bold numbers indicate the best results.

R WM T I T FNLAS 2 ST BRL (4658 M FEAD)

Testing set Whole dataset
Model

RMSE R* RMSE R? 1% error 5% error 10% error
SVR 28.730 0.860 43.956 0.775 30.98% 80.36% 92.53%
GP 28.290 0.865 7.654 0.993 94.44% 97.94% 99.55%

LightGBM 39.826 0.732 38.323 0.829 20.55% 68.61% 86.41%
BP-llayer 35.571 0.786 32.353 0.878 34.16% 86.88% 96.31%
BP-2layer 38.017 0.755 19.024 0.958 52.86% 94.27% 97.72%
CNN 38.471 0.750 38.624 0.826 18.38% 71.75% 91.41%
GP-WP 25.397 0.891 6.888 0.994 94.98% 98.69% 99.66%

Bold numbers indicate the best results.

FR10 WM Te B LS 2 SR (717 AN FEAD
Whole dataset

Testing set

Model

RMSE R? RMSE R? 1% error 5% error 10% error
SVR 93.535 0.345 78.716 0.457 30.68% 55.37% 69.87%
GP 91.140 0.378 24.307 0.948 93.17% 94.84% 96.79%

LightGBM 96.178 0.307 82.872 0.398 7.11% 34.31% 63.46%
BP-1layer 95.222 0.321 76.930 0.481 11.16% 44.21% 67.78%
BP-2layer 96.354 0.304 74.632 0.512 12.69% 46.72% 70.71%
CNN 91.837 0.368 68.267 0.591 7.95% 47.84% 74.20%
GP-WP 86.807 0.435 23.152 0.953 93.17% 95.26% 96.93%

Bold numbers indicate the best results.

HERSERIOF, 1%IRE. 5% IFEM10% 1% £ 57
FORTE 1% 5% F110% [ % 22 R E R R T 00 FE A 5
pala

Hh, RME, XTHA=AAE KD EESE,
GP-WP #5284 75 ) 1 52 F1#E S Bt 45 A0 T T By ot
PLES 2 A, Xt — B i 1 AR L& RE 7T
NN, 5 RFEAEE LRGP AHEL, Phas k4
AR LI AN TN R 22 SRTT,  BE A RE A= (15
A, BN TR S T . AL, GPAE NSRS
M RAREEAL, P Ah EIRMLAS IR B B
FJTE UL, GP-WP R AN [F] ) iR 22 A 22, 0T Tl

RZEEM 7 B REIRAT IR B AR A 4 2R
5. B45

ARSCHET B R DUHR B T R A A o W T ML 2 S A
B, KERITF R 7RIS B T X S AT E A, ST
A5 ST BT R ) F A AR LG, T V8 B K/
faf, BRI R A MR . 5 AR T GC IR
TR, ASCIF R B 2 UM AR A, 75 A FH 2 [ 3R R 4y
FHMAAER R ENANEESIEE /NI T, WSk,
HAMERIB R I, CHORIUERTEER .. BRI ]
DAL FR — S e ik, RER o R A AT B A2 I M
AKX 7). Alshehri Z[36]H KN 7 X 6 7 PR . J
(15 3 0] LA Github E 324 1 7532507 i 1 2555040 4
TR &5 B A GP-WP R,

SO EML, ARSCRTER IR A LR
DT GP, HM@EBEATEMH KELIE, BAHE
XSRS B S A AT B s QI I 4 FE A U I 2
HIRM, HERMAEEEEASERM G, OFEKS
BEM R, B AR R DL, X E R A i TR
FEUEH . ZT RSO F AR T HAE R O
i bR O B HCR BT AL, R LR B AR, Gl AT A
RS HAEAFIFEEE bSO AR B AR . QTE# & 15
M2 A, SRBOMIMEERRE R, 5K EiTH
SH

PR A ST HE 1) GC R Y, AR SR I AR AT BE 3 22 [A]
I ST 2 AN IO ) 2 AN, A R 2 R R AR
KM R T AR A . BT SR HUX SRR, WL —
AR TN . pEAh, SRS L Cn)EF 2
A EERIER 89D AR RN AN R, SR TR I 2 T
HREMIH AT X 77 ENERS IS T, En Lt —%
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