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S1 Details of 100 selected descriptors

Table S1: 100 descriptors extracted from RDKit

No. Name Description

0 MaxEStatelndex N/A

1 MinEStatelndex N/A

2 MaxAbsEStatelndex N/A

3 MinAbsEStateIndex N/A

4 qed Calculate the weighted sum of ADS mapped properties

5 MolWt The average molecular weight of the molecule

6 HeavyAtomMolWt The average molecular weight of the molecule ignoring hydrogens

7 ExactMolWt The exact molecular weight of the molecule

8 NumValenceElectrons The number of valence electrons the molecule has

9 MaxPartialCharge N/A

10 MinPartialCharge N/A

11 MaxAbsPartialCharge N/A

12 MinAbsPartialCharge N/A

13 FpDensityMorganl N/A

14 FpDensityMorgan2 N/A

15 FpDensityMorgan3 N/A

16 BalabanJ Calculate Balaban’s J value for a molecule

17 BertzCT A topological index meant to quantify "complexity" of molecules.

18 Chi0 From equations (1),(9) and (10) of Rev. Comp. Chem. vol 2, 367-422, (1991)

19 ChiOn N/A

20 ChiOv N/A

21 Chil From equations (1),(11) and (12) of Rev. Comp. Chem. vol 2, 367-422, (1991)

22 Chiln N/A

23 Chilv N/A

24 Chi2n N/A

25 Chi2v N/A

26 Chi3n N/A

27 Chi3v N/A

28 Chidn N/A

29 Chidv N/A

30 HallKierAlpha N/A

31 Ipc This returns the information content of the coefficients of the characteristic polynomial
of the adjacency matrix of a hydrogen-suppressed graph of a molecule.

32 Kappal N/A

33 Kappa2 N/A

34 Kappa3 N/A

35 LabuteASA N/A

36 PEOE__VSA1l MOE Charge VSA Descriptor 1 (-inf < x < -0.30)

37 PEOE__VSA10 MOE Charge VSA Descriptor 10 ( 0.10 <= x < 0.15)

38 PEOE__VSA11l MOE Charge VSA Descriptor 11 ( 0.15 <= x < 0.20)

39 PEOE__VSA12 MOE Charge VSA Descriptor 12 ( 0.20 <= x < 0.25)

40 PEOE__VSA13 MOE Charge VSA Descriptor 13 ( 0.25 <= x < 0.30)

41 PEOE_VSA14 MOE Charge VSA Descriptor 14 ( 0.30 <= x < inf)

42 PEOE_VSA2 MOE Charge VSA Descriptor 2 (-0.30 <= x < -0.25)

43 PEOE__VSA3 MOE Charge VSA Descriptor 3 (-0.25 <= x < -0.20)

44 PEOE__VSA4 MOE Charge VSA Descriptor 4 (-0.20 <= x < -0.15)

45 PEOE__VSA5 MOE Charge VSA Descriptor 5 (-0.15 <= x < -0.10)

46 PEOE__VSAG6 MOE Charge VSA Descriptor 6 (-0.10 <= x < -0.05)

47 PEOE__VSAT MOE Charge VSA Descriptor 7 (-0.05 <= x < 0.00)

48 PEOE__VSAS8 MOE Charge VSA Descriptor 8 ( 0.00 <= x < 0.05)
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PEOE__VSA9

MOE Charge VSA Descriptor 9 ( 0.05 <= x < 0.10)

SMR__ VSA1 MOE MR VSA Descriptor 1 (-inf < x < 1.29)
SMR__VSA10 MOE MR VSA Descriptor 10 ( 4.00 <= x < inf)
SMR__VSA2 MOE MR VSA Descriptor 2 ( 1.29 <= x < 1.82)
SMR_ VSA3 MOE MR VSA Descriptor 3 ( 1.82 <= x < 2.24)
SMR__VSA4 MOE MR VSA Descriptor 4 ( 2.24 <= x < 2.45)
SMR__VSAS5 MOE MR VSA Descriptor 5 ( 2.45 <= x < 2.75)
SMR__VSA6 MOE MR VSA Descriptor 6 ( 2.75 <= x < 3.05)
SMR__VSA7 MOE MR VSA Descriptor 7 ( 3.05 <= x < 3.63)
SMR__VSAS8 MOE MR VSA Descriptor 8 ( 3.63 <= x < 3.80)
SMR__VSA9 MOE MR VSA Descriptor 9 ( 3.80 <= x < 4.00)
TPSA N/A

EState__VSA1
EState_ VSA10
EState_ VSA11l
EState_ VSA2
EState_ VSA3
EState_ VSA4
EState_ VSA5
EState_ VSA6
EState_ VSAT7
EState_ VSA8
EState_ VSA9
VSA__EStatel
VSA_ EStatelO
VSA__EState2
VSA__EState3
VSA_ EStated
VSA__EStateb
VSA__EState6
VSA__EState7
VSA__EState8
VSA__EState9

EState VSA Descriptor 1 (-inf < x < -0.39)

EState VSA Descriptor 10 ( 9.17 <= x < 15.00)

EState VSA Descriptor 11 ( 15.00 <= x < inf)

EState VSA Descriptor 2 ( -0.39 <= x < 0.29)

EState VSA Descriptor 3 (
EState VSA Descriptor 4 (
EState VSA Descriptor 5 (
(

EState VSA Descriptor 6

0.29 <=x < 0.72
0.72 <=x < 1.17

)
)
1.17 <= x < 1.54)
1.54 <= x < 1.81)

)

EState VSA Descriptor 7 ( 1.81 <= x < 2.05

EState VSA Descriptor 8 ( 2.05 <= x < 4.69)

EState VSA Descriptor 9 ( 4.69 <= x < 9.17)

VSA EState Descriptor 1 (-inf < x < 4.78)

VSA EState Descriptor 10 ( 11.00 <= x < inf)

VSA EState Descriptor 2 ( 4.78 <= x < 5.00)

VSA EState Descriptor 3 ( 5.00 <= x < 5.41)

VSA EState Descriptor 4 ( 5.41 <= x < 5.74)

VSA EState Descriptor 5 (
VSA EState Descriptor 6 (
VSA EState Descriptor 7 (
(

VSA EState Descriptor 8

5.74 <= x < 6.00)
6.00 <= x < 6.07)
6.07 <= x < 6.45)
6.45 <= x < 7.00)

VSA EState Descriptor 9 ( 7.00 <= x < 11.00)

FractionCSP3 CalcFractionCSP3( (Mol)mol) -> float : returns the fraction of C atoms that are SP3
hybridized

HeavyAtomCount Number of heavy atoms a molecule.

NHOHCount Number of NHs or OHs

NOCount Number of Nitrogens and Oxygens

NumAliphaticCarbocycles CalcNumAliphaticCarbocycles( (Mol)mol) -> int : returns the number of aliphatic

(containing at least one non-aromatic bond) carbocycles for a molecule

NumAliphaticHeterocycles CalcNumAliphaticHeterocycles( (Mol)mol) -> int : returns the number of aliphatic
(containing at least one non-aromatic bond) heterocycles for a molecule

NumAliphaticRings CalcNumAliphaticRings( (Mol)mol) -> int : returns the number of aliphatic (containing

at least one non-aromatic bond) rings for a molecule

89

90

91

92
93
94
95
96

NumAromaticCarbocycles

NumAromaticHeterocycles

NumAromaticRings

NumHAcceptors
NumHDonors
NumHeteroatoms
NumRotatableBonds

NumSaturatedCarbocycles

CalcNumAromaticCarbocycles( (Mol)mol) -> int : returns the number of aromatic

CalcNumAromaticHeterocycles( (Mol)mol) -> int : returns the number of aromatic

CalcNumAromaticRings( (Mol)mol) -> int : returns the number of aromatic rings for a

carbocycles for a molecule

heterocycles for a molecule

molecule

Number of Hydrogen Bond Acceptors

CalcNumSaturatedCarbocycles( (Mol)mol) -> int : returns the number of saturated

Number of Hydrogen Bond Donors
Number of Heteroatoms

Number of Rotatable Bonds

carbocycles for a molecule
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97

98

99

NumSaturatedHeterocycles

NumSaturatedRings

RingCount

CalcNumSaturatedHeterocycles( (Mol)mol) -> int : returns the number of saturated

heterocycles for a molecule

CalcNumSaturatedRings( (Mol)mol) -> int : returns the number of saturated rings for

a molecule
N/A
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S2 Homemade dataset

Table S2: Collection of molecules of datasets n-carboxylic acids and Solv-54.

Name SMILES log Peap (q—ACSFSs)cony

n-carboxylic acids

acetic acid CC(=0)0 -0.17 -0.27
propionic acid CCC(=0)0 0.33 0.26
butyric acid Cccece(=0)o 0.79 0.73
valeric acid CCCcece(=0)0 1.39 1.25
caproic acid cceecee(=0)o 1.92 1.79
enanthic acid CCCceccecece(=0)o 2.42 2.38
caprylic acid CCCcCccececece(=0)0 3.05 2.92
pelargonic acid CCccceeeee(=0)o 3.42 3.36
capric acid cceeceeececcee(=0)o 4.09 3.88
undecanoic acid cceeceeecececee(=0)o 4.42 4.40
lauric acid cceececeeecceceee(=0)o 4.60 4.76
tridecanoic acid cccececececececeeceec(=0)o 5.49 5.57
myristic acid cceececececcecececeeee(=0)o 6.11 6.12
butanal ccee=0 0.88 0.80
5-Nonanone CCcccee(=0)cceccece 2.88 3.01
hexadecanoic acid Cccecececececceccecececeeeece(=0)o 7.17 6.96
octadecanoic acid Cccecececececceceececeeecececee(=0)o 8.35 8.12
methane C 1.09 0.97
ethane CccC 1.81 1.52
propane CcCccC 2.36 2.07
butane cccce 2.89 2.61
pentane CCcCccC 3.26 3.14
2-methyl-butane CCC(C)C 2.72 3.16
hexane cccecceccce 3.90 3.67
cyclohexane C1CcccccCl 3.44 3.31
heptane ccccecececce 4.66 4.19
octane cccececececce 4.78 4.73
oct-1-ene ccoeceee=cCc 4.57 4.34
nonane cceececececce 5.45 5.27
decane cceececececceccece 5.01 5.79
dodecane cccecececececcecececece 6.10 6.86
tetradecane cccececeeccececeecececece 7.20 7.90
hexadecane cccecececececceceeecececcece 8.2 8.95
octadecane cccecececeecececeeecececcecceccece 9.32 10.02
3,6,9-trioxa-undecan-1,11-diol OCccoccoccocco -2.02 -1.35
ethane-1,2-diol OCCO -1.36 -1.40
butane-1,4-diol OCccCcCcoO -0.83 -0.45
methanol cO -0.69 -0.64
cyclopentanol oci1ccect 0.71 0.82
butan-1-ol cccco 0.88 0.88
3-methyl-butan-1-ol Ccc(c)cco 1.16 1.30
cyclohexanol ocl1ccccecll 1.23 1.20
octan-1-ol cccecececececco 3.00 2.89
N,N-dimethyl-formamide CN(C)C=0 -1.01 -0.82
N-methyl-formamide CNC=0 -0.97 -1.06
N,N-dimethyl-acetamide CN(C)C(C)=0 -0.77 -0.89
nitromethane C[N+]([O-])=0 -0.35 -0.03
diethylamine CCNCC 0.66 0.65
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Name SMILES log Pexzp (q—ACSFS)conf
4-methyl-pyridine Cclecenccel 1.22 1.34
triethylamine CCN(CC)CcC 1.65 1.46
1,4-Dioxane C1COCCO1 -0.27 -0.38
fromic acid ethyl ester CCOC=0 0.23 0.20
1,2,3-triacetoxy-propane CC(=0)0CC(COC(C)=0)0C(C)=0 0.25 0.29
heptan-2-one cccecee(e)=0 1.98 1.96
phenol Oclcccccl 1.46 1.39
benzonitrile N#Cclcccecl 1.56 1.58
benzene clcceecl 2.13 2.19
toluene CC1=CC=CC=C1 2.73 2.68
o-xylene CC1=CC=CC=C1C 3.12 3.17
p-xylene CC1=CC=C(C=C1)C 3.15 3.19
acetonitrile CC#N -0.33 -0.39
m-xylene CC1=CC(=CC=C1)C 3.20 3.17
naphthalene C1=CC=C2C=CC=CC2=C1 3.30 3.37
1-methyl-naphthalene Cclcccc2ceccccl2 3.87 3.86
pyrene C1=CC2=C3C(=C1)C=CC4=CC=CC(=C43)C=C2 4.88 5.06
p-terphenyl C1=CC=C(C=C1)C2=CC=C(C=C2)C3=CC=CC=C3 6.03 5.74
benzo(e)pyrene C1=CC=C2C(=C1)C3=CC=CC4=C3C5=C(C=CC=C25)C=C4 6.44 6.22
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S3 Summary of molecular entropy

Table S3: Properties of molecules for building the correlation between partition coefficient (log P)
and entropy (S) measured experimentally or calculated by quantum mechanism at b3lyp/6-31g(d)
level.

Name SMILES log Peap  Seap™ Somt @ s@Ma gWMa 50N a
Methane C 1.09 187.46 143.41 42.44 0.32 186.17
Cyclohexane Cc1Cccccecel 3.44 298.19 164.09 110.41 37.62 312.12
1,4-Dioxane C1COCCO1 -0.27 299.91 164.67 103.12 30.45 298.23
Butanal ccece=0 0.88 344.80 162.16 107.50 58.75 328.41
Pentane ccccece 3.39 347.82 162.17 103.44 66.23 331.85
o-xylene CC1=CC=CC=C1C 3.12 353.60 166.99 117.19 68.11 352.29
m-xylene CC1=CC(=CC=C1)C 3.2 358.20 166.99 117.86 100.34 385.19
Hexane ccccecece 3.9 388.82 164.39 114.24 90.81 369.43
Octane cccececececce 5.18 467.06 167.90 122.47 142.72 433.09
Nonane ccoececececcece 5.45 506.50 169.35 120.13 169.64 459.12
decane ccoeececcececcece 5.01 545.80 170.64 123.11 197.42 491.17
dodecane cceecececeececece 6.1 622.50 172.89 128.35 252.61 553.85
Tetradecane ccceccecceeececececeece 7.2 700.40 174.79 132.80 311.75 619.34
Hexadecane cccececececeeeceeececcecce 8.2 778.31 176.44 136.65 368.64 681.74
5-Nonanone cccce(=0)ceece 2.88 - 170.64 127.84 199.79 498.28
hexadecanoic acid Ccccecececeeececeececeecece(=0)o 7.17 - 177.99 146.48 405.60 730.08
Octadecanoic acid ccccececeeecececeeceeceece(=0)o 8.35 - 179.29 149.56 463.79 792.63
Ethane cC 1.81 - 151.25 68.21 8.09 227.54
Propane CcccC 2.36 - 156.03 89.23 22.87 268.12
Butane cccce 2.89 - 159.47 96.95 43.44 299.86
Heptane cccceccececce 4.66 - 166.27 112.96 116.26 395.49
Octadecane ccccecececcececececececeecece 9.32 - 177.90 140.05 427.34 745.29
Benzene C1=CC=CC=C1 2.13 - 163.16 107.41 18.35 288.93
Toluene CC1=CC=CC=C1 2.73 - 165.22 112.96 54.06 332.25
Naphthalene C1=CC=C2C=CC=CC2=C1 3.3 - 169.34 121.15 52.60 343.09
p-terphenyl C1=CC=C(C=C1)C2=CC=C(C=C2)C3=CC=CC=C3 6.03 - 176.65 139.15 177.44 493.24
Benzo(e)pyrene C1=CC=C2C(=C1)C3=CC=CC4=C3C5=C(C=CC=C25)C=C4 6.44 - 17779  139.32  145.66  462.78
Pyrene C1=CC2=C3C(=C1)C=CC4=CC=CC(=C43)C=C2 4.88 - 175.03  127.13  99.15  401.31
p-xylene CC1=CC=C(C=C1)C 3.15 - 166.99 111.42 95.29 373.70

ain the unit of J - mol =1 K1
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S4 Atom-centered Symmetry Functions (ACSFs)

Atom-centered symmetry functions describe the local chemical environment of atom i with
two sets of parameters, namely, radial and angular distributions. The radial distribution is

expressed as below:

all
Gt =% e TR (Ry) (S1)
i

where R;; is the distance between atom ¢ and j, parameters n and R, determines the width
and peak position of the Gaussian function. f,. is a cutoff function that utilized here to only
take atoms that within the local environment into consideration. It is a function related to

the distance R;; and take the form

0.5 x [cos(%) +1] for Ry < R
fo(Rij) = (52)
0 fOT' Rij > RC

where R, is the distance that specifying how large the region size that should be considered.
In this work, the cutoff distance was all set to be 6.0 A.

The angular symmetry functions are described in eq. S3:

all
G = 21=¢ Z (1 + Xcos(fx))¢ % e*"(R?ﬁR?ﬁRﬂz’“)fc(Rij)fc(Rz‘k)fc(Rjk) (S3)
Joki
Here, 0;j; is the angle formed between the atoms 7, j and k. R is the distance between
any two atoms specified in the subscripts. Parameter n again determines the width of the
Gaussian function, the peak position of Gaussian function is set to be 0. X is a parameter
which could only take the value of +1 and —1 so as to shift the maxima of the cosine function

to 0° and 180°, respectively. ( is a parameter controls the angular resolution. High ¢ values

result in a narrow distribution of angular symmetry function values.
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S5 Grid search of optimal parameters

1 was utilized here for the gradient descent updates. Four different

The Adam optimizer
learning rates (le — 2, le — 3, le — 4 and le — 5) together with four different architectures
(25 — 25 — 25, 50 — 50 — 50, 75 — 75 — 75 and 100 — 100 — 100) were tested. Detailed results
could be found in Table S4-S7. In four different learning rates, a factor of 0.999 was applied
and the learning rate decayed every 10000 steps. A gradient norm clipping strategy was
employed so as to avoid exploding gradient problems.? For the reduction of overfitting and
the generalization of models, early stopping strategy was applied with maximum number

of training steps set to be 1000. The total trainings steps were all set to be 200000. The

high-dimensional neural networks mentioned above was built with the Tensorflow.?

Table S4: Grid search for different architectures and learning rates, where the polarization
effects and entropy are encoded into the conventional atom-centered symmetry functions

((¢ — ACSF's)cons)

Datasets Ir le-2 le-3 le-4 le-5

arch. MAE MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE MSE RMSE
Martel 1.51 3.36 1.83 0.87 1.35 1.16 0.98 1.80 1.34 0.81 1.16 1.07
Star&Nonstar 100-100-100 0.86 1.20 1.09 0.59 0.70 0.84 0.60 0.78 0.88 0.63 0.70 0.84
Huuskonen 0.56 0.54 0.74 0.20 0.13 0.35 0.23 0.14 0.37 0.35 0.26 0.51
Martel 0.79 1.00 1.00 0.92 1.56 1.25 0.87 1.43 1.20 0.82 1.19 1.09
Star&Nonstar 75-75-75 1.24 2.83 1.68 0.56 0.57 0.76 0.59 0.69 0.83 0.60 0.65 0.81
Huuskonen 0.55 0.61 0.78 0.21 0.12 0.35 0.27 0.17 0.41 0.35 0.25 0.50
Martel 0.89 1.30 1.14 0.91 1.54 1.24 0.90 1.50 1.22 0.84 1.25 1.12
Star&Nonstar 50-50-50 0.58 0.59 0.77 0.52 0.51 0.72 0.60 0.69 0.83 0.60 0.64 0.80
Huuskonen 0.33 0.23 0.48 0.21 0.12 0.35 0.29 0.19 0.44 0.35 0.25 0.50
Martel 1.07 1.87 1.37 0.91 1.50 1.23 0.87 1.34 1.16 0.86 1.31 1.15
Star&Nonstar 25-25-25 0.59 0.57 0.75 0.48 0.44 0.66 0.57 0.60 0.78 0.59 0.63 0.80
Huuskonen 0.31 0.19 0.43 0.22 0.12 0.35 0.30 0.20 0.45 0.36 0.26 0.51

Table S5: Grid search for different architectures and learning rates, where only polarization
effects and the stablest conformation are encoded into the conventional atom-centered sym-
metry functions (¢ — ACSFs™*)

Datasets Ir le-2 le-3 le-4 le-5

arch. MAE MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE MSE RMSE
Martel 0.73 0.88 0.94 0.87 1.29 1.14 0.94 1.66 1.29 0.89 1.41 1.19
Star&Nonstar 100-100-100 1.05 1.90 1.38 0.64 0.80 0.89 0.58 0.72 0.85 0.59 0.63 0.79
Huuskonen 0.54 0.56 0.75 0.21 0.14 0.37 0.23 0.14 0.37 0.35 0.25 0.50
Martel 1.67 3.69 1.92 0.90 1.53 1.23 0.92 1.58 1.26 0.86 1.33 1.15
Star&Nonstar 75-75-75 2.44 9.22 3.04 0.54 0.54 0.74 0.60 0.73 0.85 0.60 0.64 0.80
Huuskonen 1.08 1.75 1.32 0.22 0.13 0.37 0.27 0.17 0.41 0.35 0.25 0.50
Martel 0.90 1.26 1.12 0.94 1.61 1.27 0.90 1.45 1.21 0.87 1.36 1.17
Star&Nonstar 50-50-50 0.65 0.76 0.87 0.53 0.52 0.72 0.58 0.64 0.80 0.59 0.64 0.80
Huuskonen 0.37 0.27 0.52 0.21 0.12 0.35 0.29 0.19 0.43 0.35 0.25 0.50
Martel 0.89 1.34 1.16 0.95 1.65 1.28 0.86 1.32 1.15 0.87 1.33 1.15
Star&Nonstar 25-25-25 0.55 0.56 0.75 0.52 0.51 0.71 0.58 0.64 0.80 0.60 0.64 0.80
Huuskonen 0.27 0.18 0.42 0.23 0.13 0.37 0.31 0.21 0.45 0.36 0.26 0.51
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Table S6: Grid search for different architectures and learning rates, where only entropy

effects are encoded into the conventional atom-centered symmetry functions ((ACSF'S)conf)
Datasets Ir le-2 le-3 le-4 le-5
arch. MAE MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE MSE RMSE
Martel 1.85 4.25 2.06 1.04 1.84 1.36 1.03 1.8 1.34 1.06 1.89 1.38
Star&Nonstar 100-100-100 0.96 1.39 1.18 0.84 1.29 1.14 0.87 1.36 1.16 0.79 1.17 1.08
Huuskonen 0.91 1.28 1.13 0.58 0.61 0.78 0.48 0.45 0.67 0.52 0.49 0.70
Martel 0.83 1.12 1.06 0.95 1.58 1.26 1.05 1.89 1.37 1.03 1.84 1.36
Star&Nonstar 75-75-75 1.36 3.46 1.86 0.92 1.54 1.24 0.77 1.06 1.03 0.84 1.34 1.16
Huuskonen 0.67 0.78 0.88 0.58 0.62 0.79 0.49 0.44 0.66 0.54 0.53 0.73
Martel 1.90 4.80 2.19 0.99 1.67 1.29 1.08 1.96 1.40 0.97 1.66 1.29
Star&Nonstar 50-50-50 2.81 13.13 3.62 0.82 1.19 1.09 0.77 1.12 1.06 0.83 1.27 1.13
Huuskonen 1.08 1.87 1.37 0.57 0.57 0.75 0.51 0.47 0.69 0.54 0.53 0.73
Martel 0.82 1.10 1.05 1.01 1.77 1.33 1.04 1.84 1.36 0.98 1.64 1.28
Star&Nonstar 25-25-25 1.28 3.11 1.76 0.83 1.27 1.13 0.83 1.30 1.14 0.83 1.30 1.14
Huuskonen 0.66 0.76 0.87 0.56 0.56 0.75 0.54 0.54 0.73 0.57 0.60 0.77

Table S7: Grid search for different architectures and learning rates, where only the sta-
blest conformation was encoded into the conventional atom-centered symmetry functions

(ACS Fsmas)

Datasets Ir le-2 le-3 le-4 le-5

arch. MAE MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE MSE RMSE
Martel 1.10 1.94 1.39 0.96 1.63 1.28 1.15 2.19 1.48 1.10 2.00 1.42
Star&Nonstar 100-100-100 0.98 1.71 1.31 0.96 1.62 1.27 0.79 1.16 1.08 0.79 1.12 1.06
Huuskonen 0.71 0.82 0.91 0.58 0.62 0.79 0.48 0.45 0.67 0.52 0.48 0.70
Martel 1.35 2.63 1.62 1.00 1.70 1.30 1.05 1.88 1.37 0.98 1.65 1.29
Star&Nonstar 75-75-75 2.21 8.38 2.89 0.83 1.26 1.12 0.83 1.26 1.12 0.84 1.34 1.16
Huuskonen 0.87 1.30 1.14 0.58 0.60 0.78 0.50 0.49 0.70 0.54 0.54 0.74
Martel 1.41 2.86 1.69 1.09 2.03 1.42 1.06 1.88 1.37 0.98 1.69 1.30
Star&Nonstar 50-50-50 2.28 8.79 2.97 0.77 1.10 1.05 0.79 1.17 1.08 0.83 1.30 1.14
Huuskonen 0.89 1.35 1.16 0.57 0.57 0.75 0.51 0.48 0.69 0.55 0.57 0.75
Martel 1.02 1.63 1.28 1.01 1.80 1.34 0.96 1.60 1.27 0.97 1.57 1.25
Star&Nonstar 25-25-25 0.94 1.51 1.23 0.79 1.15 1.07 0.82 1.27 1.13 0.83 1.26 1.12
Huuskonen 0.71 0.82 0.91 0.56 0.55 0.74 0.54 0.53 0.73 0.57 0.60 0.77

Table S8: Grid search for different architectures and learning rates with all four public
datasets taking into consideration, where the polarization effects and the ensemble effects
are encoded into the conventional atom-centered symmetry functions ((¢ — ACSF's)cons)

Ir le-2 le-3 le-4 le-5
arch. MAE MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE MSE RMSE
100-100-100 2.15 7.42 2.72 0.35 0.27 0.52 0.35 0.26 0.51 0.42 0.33 0.57
75-75-75 1.76 4.79 2.19 0.37 0.30 0.54 0.36 0.28 0.53 0.42 0.33 0.57
50-50-50 0.89 1.39 1.18 0.37 0.31 0.56 0.37 0.28 0.53 0.42 0.33 0.58
25-25-25 0.49 0.44 0.67 0.37 0.30 0.55 0.38 0.29 0.54 0.43 0.34 0.58

Table S9: Grid search for different architectures and learning rates with all four public
datasets taking into consideration, where the ensemble effects are encoded into the conven-

tional atom-centered symmetry functions ((ACSF's)cons)

Ir le-2 le-3 le-4 le-5
arch. MAE MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE MSE RMSE
100-100-100 1.94 5.53 2.35 0.69 0.83 0.91 0.62 0.70 0.83 0.62 0.68 0.83
75-75-75 2.54 9.95 3.15 0.68 0.82 0.91 0.62 0.68 0.83 0.62 0.68 0.83
50-50-50 1.93 5.79 2.41 0.66 0.74 0.86 0.61 0.68 0.82 0.62 0.69 0.83
25-25-25 1.23 2.72 1.65 0.63 0.70 0.84 0.62 0.68 0.82 0.64 0.72 0.85
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S6 Distribution of chemical elements and partition co-

efficient among 6 datasets

(a) N C (b)
e PhysProp
2 e Martel
Star & NonStar
F H e Huuskonen

[ ]

-+ n-carboxylic acids
Solv-54

Cl Br

Figure S1: Distribution of (a) chemical elements and (b) partition coefficient (log P) among
6 public databases.

For database PhysProp, the log P values mainly concentrate around 2 (blue shadows).
For database Star & Non-Star and Huuskonen, the distribution did not change a lot. (cyan
and green shadows) As the Martel is more compatible with pharmaceutical company, the
log P distribution is quite different from the above mentioned three databases and values are
almost small than 5 and concentrate around 4, (red shadows) which follows the Lipinski’s

rule of five.4

S12



S7 Computational Details

S7.1 Molecular Dynamics Simulations

For the small organic molecules, RDKit® and OpenBabel® were utilize to convert molecules
from SMILES™® format to PDB format. Subsequentally, GAFF2? force fields were applied.
The process of generating GAFF2 parameters leads to a final of 4802, 178, 156, and 1122
molecules for PhysProp, Martel, Star & NonStar, and Huuskonen, respectively. With all
bonds that involve hydrogen atom are constrained, the integration time step was set to be
2 fs. LangevinMiddleIntegrator ! method was applied, with temperature set to be 300 K
and the friction coefficient to be 1 ps~!. As all simulations were performed in the vacuum
and the electrostatic and van der Waals (vdW) interactions were calculated over the whole
chemical spaces without cutoff. To sample the conformational space, trajectories which last
1 ns were generated for each small organic molecules following a local energy minimization
with tolerance set to be 10.0 kJ/mol. All simulations were performed with package suite
OpenMM. 1

Consdering the large amount of conformations generated from molecular dynamics simu-
lations, K-Means clustering method 2 was utilized here to divide structures into 3 groups. To
pick the centroid as the representitive structure for each group, we computed all of the pair-
wise RMSDs between conformations among a certain group, and transformed these distances

into similarity scores according to eq. S4

SZ] — e_dij/dscale (84)

Sopatems (rp—pmy2 o , , :
Where d;; = = ——1— s the pairwise distance between #;, and j;, conformations,
atoms

and dg.qe is a parameter which is the standard deviation of the pairwise distance so as to
make the computation scale invariant.
The centroid structure is picked with the highest similarities and the mathematical ex-

pression is as follows:
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argmazx; Z Sij (S5)

J

The probability of selected #;, conformation is defined as below

o—AEi/kgT

pi = (S6)

ij\{l e—AE;/kgT

Where kg is the Boltzmann constant, 7" is the temperature where the simulation performed,
M is the number of clusters we specified, and AFE; is the difference between potential energy
of the selected conformation ¢ and the lowest energies of M clusters. Here, K-Means clus-
tering procedure was implemented with scikit-learn,® and trajectories were processed with

mdtraj.

S7.2 Quantum Mechanisms

The density functional theory (DFT) calculations were utilized here for the estimation of
entropy with the help of Gaussian 16 package suite.'® The Becke three-parameter exchange
and Lee-Yang-Parr correlation (B3LYP),!6:17 a hybrid density function, was used here for
the geometry optimizations and subsequent frequency calculation. The 6-31G(d) basis set

was applied for all the organic molecules.
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S8 Evaluation metrics

Performances of models under different descriptors are represented in terms of mean square

error (MSE) and mean absolute error (M AFE). These two criteria are defined as below:

m

1 [ (7
MSE = E Z(ygelt - nge)st)z (87)
=1
1 . 7 (7
MAE = E Z |yt(e)st - yt(e?9t| (SS>
=1

Where m denotes the number of the data used for test and yglt and g)félt denote the

actual and predicted ones for the i;, molecule, respectively.
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S9 Principle Component Analysis

(a)

PC No.

8

9

10

0.0 0.1 02 03 04
Ratio

(b)

(c)

PC1
(33.1 %)

PC2
(21.8 %)

PC3
(10.4 %)

Figure S2: Principle component analysis (PCA). (a) Top 10 ranked principle component
ratios; an example of (b) the first (c¢) second and (d) third mode derived from principle

component analysis.
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S10 Generation of Standard Descriptors

To disclose which contributes most to the prediction of partition coefficient (log P), same
as Gabriele et. al,'® we also collected 100 “standard” descriptors directly from the RDKit
package.® We collected descriptors in several aspects, such as the topological or topochemical
descriptors (e.g. electrotopological state (EState),'® BertzCT,?’ Balaban’s J value (Bala-
banJ),?! Chi indexes and Kappa shape indexes??), surface area based descriptors, such as,
Labute’s approximate surface area (LabuteASA) and hybrid descriptors which take the po-
larizability (SM R—V SAj—12.... 10), direct electrostatic interactions (PEOE—V SAy_12... 14)
and electrotopological state (EState—V SAg_1 ... 11) into considerations,?? topological polar
surface area (TPSA),?* and some simple and transparent descriptors, to name a few here,
molecular weight, number of valance electrons, number of heavy atoms, number of NHs or
OHs (Nnws/oms), number of Nitrogens and Oxygens, and so on. The full list could be found
in Table S1.
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S11 Feature selection

To better understand the 100 descriptors generated above, we utilize the univariate feature
selection and intrinsic algorithm (Random Forests, RFs) to estimate the importance of each
descriptor.

Univariate feature selection is a method to exclude noisy features. It examines each
feature individually to estimate the strength between the feature and corresponding response
variables. In this section, we utilize the Pearson’s Correlation Coefficient as the statistical

measures. The Pearson’s Correlation Coefficient is defined as below:

E[(X = px)(Y —py)] E[(X — px)(Y — py)]
OX0y \/Z?:l (Xi — ,UX)Q\/Z?:l (Y; — py)?

where X denotes the input space and Y denotes the variables we want to predict.

p(X,Y) = (S9)

RF is an intrinsic algorithm which are capable of providing a measure of importance for
each descriptor via mean decrease in impurity (MDI). It uses an impurity function i(7) as
a measurement of the probability of incorrectly classfying a randomly chosen element in the

dataset. It is defined as below:

c

i(r) =Y pli)* (1 - p(i)) (510)

i=1
where C' is the number of classed in the dataset, and p(i) is the probability of picking an
element of class i.

To measure how well a potential splits at node 7 will seperate the data, a value named
Gini Gain Ai(7) is defined. When a node is splited, it sends sample point to two sub-nodes,
named left and right, and corresponding impurity denotes as i(7;) and i(7,.). The Gini Gain

is defined as below:

Ai() = i(1) — pii(m) — pri(7) (S11)
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The importance of each descriptor 6 is the summation of Gini Gain of each descriptor

(Ai(7)) over all nodes 7 and trees 7. In the expression of the mathematical form, it is

written as below:

I(0) = > Nig(7,T) (S12)

We have used the model selection module and RandomForestRegressor embedded in the

scikit-learn'3 package to implement these approaches.

Top 20 ranked descriptors

PEOE — VSA7
EState — VSAg

SMR — V5A;

PEOE — VS5A; VSA — EStateg

EState — VSAs

PEOF — VSAg

— N

— \

v e )

/ -
A\ . FpDensityuorgant
N Nusiors 65.77
/ | 1.00% NaromaticCarbocycies
/ |
Naromaticcarbocyeles

(a) (b)

PEOE — VSAg

FpDensityuorganz

Figure S3: Top 20 ranked descriptors selected based on (a) mean decreased in impurity (MDI)
and (b) univariate statistical test, which is implemented with the scikit-learn package. '3
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S12 An illustration of 5-5 neural network
For instance, the neural network shown in Figure S4 has 2 hidden layers and each layer has
5 nodes, short notation 5 — 5 was utilized here to represent the neural network.

Input Hidden Hidden Output
Layer Layer 1 Layer 2 Layer

[ Bias Node ]

Figure S4: Schematic representation of a feed-forward neural network with 2 hidden layers
and each layer has 5 nodes. The function form of the neural network which relates the input
layer and output layer is given in eq. S14

As shown in Figure S4, the node ¢ in layer k is connected to the node j in the adjecent
layers [ where | = k + 1 with a weight parameter af} which is represented by the black
arrow. The superscript starts from 0 and data flowed from input layer to output layer in one
direction. In each node of hidden layer, a bias weight bz was added as an adjustable offset
for the activation funcont ff , where ¢ and j denote node and layer, respectively. As the red
arrow line shown in Figure S4, the value y‘ij of node 7 in any hidden layer j was derived from
the values of the N;_; nodes in layer j — 1 together with the activation function fij and bias

weight b{ :
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Nj,1
yl=f+ D> a ey (S13)
k=1

The mathematical form between the inpurt layer and output layer is given by the follow-

ing equation:

N, rad ang
5 5 Q™. Q;
log Py = fY(07 + > ail - fROF+ > _aii- fibj+ > all Q) (S14)
k=1 j=1 i=1
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S13 Distribution of contribution from 4 distinct ele-
ments with different environment over datasets

Star & Non-Star

15 15 15
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S 101 10 10+ 7
8 y
B
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0 AL | . _ - I o . . . .
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logP/atom logP/atom logP/atom

Figure S5: Distribution of contribution from atom H over datasets Star & Non-Star. These
contributions were classified according to different surrounding environment.
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Figure S6: Distribution of contribution from atom C over datasets Star & Non-Star. These
contributions were classified according to different surrounding environment.
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Figure S7: Distribution of contribution from atom O over datasets Star & Non-Star. These
contributions were classified according to different surrounding environment.
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Figure S8: Distribution of contribution from atom N over datasets Star & Non-Star. These
contributions were classified according to different surrounding environment.
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Table S10: Contribution of 4 elements with distinct environments over datasets Star & Non-
Star.

center Element bonded Element bond Type mean  std.

C(sp?) single 0.030  0.050

C(sp?) single 0.041  0.051

q C(sp) single 0.114  0.026
N(sp?®) single -0.108 0.073

N(sp?) single -0.051 0.105

O(sp?) single -0.016 0.127

C(sp?) single 0.221  0.059

C(sp?) single 0.222  0.061

C(sp) single 0.230  0.090

C(sp?) N(sp?) single 0.225 0.054
N(sp?®) single 0.159 0.081

O(sp?) single 0.199 0.078

H single 0.209 0.063

C(sp?) single 0.276  0.076

C(sp?) single 0.258  0.069

C(sp) single 0.179  0.000

N(sp?) single 0.349 0.139

C(sp?) O(sp?) single 0.329 0.140
H single 0.244 0.049

C(sp?) double 0.215 0.074

O double 0.367 0.146

N(sp?) double 0.345 0.101

C(sp) triple 0.239 0.008

Clsp) N(sp) triple 0.256  0.000
; Clsp?) single 20.422 0.226
Ofsp”) H single 0.554  0.233
O(sp%) C(sp?) double -0.592  0.256
N(sp?) double 0.059 0.185

3 C(sp?) single -0.674  0.262
N(sp°) H single 0.781 0.337
C(sp?) single -0.372  0.210

C(sp?) single -0.392  0.202

N(sp?) N(sp?) single -0.280 0.185
O single -0.170  0.195

H single -0.406 0.170

C(sp?) double -0.371  0.128

N(sp?) double -0.347  0.061

O double -0.172  0.213
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