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Predicting the fuel performance of coal-based liquids using the ML-QSPR method
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Abstract: A comprehensive understanding of the composition and physicochemical properties of coal-based liquids, such
as coal tar or coal direct liquefaction oil, is conducive to the rapid development of multi-purpose, high-performance and
high-value-added products and the efficient use of oil properties. A full understanding of the composition of ideal compon-
ents in the coal-based liquid mixtures and their physical and chemical properties is also the key to designing liquid fuels

with some special properties. The authors use the RDKit toolkit in Python, a method based on the Simplified Molecular In-
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put Specification for Molecules (SMILES) language, to construct the molecular descriptors suitable for substances in the
coal-based liquids. The constructed molecular descriptors are able to extract the required structural fragments for the mo-
lecules in the coal-based liquids, which are mainly composed of the elements C, H, O, N, and S and contain a large num-
ber of substances with polycyclic aromatic structures, so the constructed structural fragment descriptors are mainly con-
sidered from the perspective of the elemental and ring numbers of the polycyclic aromatic compounds. At the same time,
the number of atoms and the molecular weight descriptors are added to the structural fragment descriptors, which the num-
ber of molecular descriptors is 115 in total. Compared with the traditional manual information extraction methods, the con-
structed molecular descriptors can quickly extract the information contained in a large number of molecules in the coal-
based liquids. The structural fragments, molecular weights and atomic numbers of the coal-based liquid molecules ob-
tained by the constructed molecular descriptors are used as input features in Machine Learning (ML) to establish a method
of predicting the quantitative molecular structure-property relationship (ML-QSPR) of the coal-based liquids, which
achieves the fast and accurate prediction of four properties, namely, the lower heating value (LHV), the density of the li-
quid (p), the flash point (FP) and the cetane number (CN). The model validation analysis shows that the model R* of LHV,
p, and FP are 0.996, 0.988, and 0.987, respectively. The CN prediction is predicted by adding mixtures, and the R*=0.959.
The ML-QSPR method has been improved in terms of prediction accuracy compared to the methods in the literatures and
has a significant advantage over the traditional experimental methods in terms of the speed of obtaining properties. Using
the information in the property database obtained from the ML-QSPR predictions, the evolution of four combustion per-
formance parameters of different groups of substances is investigated when the number of carbon atoms is increased, and
all four properties are significantly affected by the carbon number (7). Comparison of the individual properties of sub-
stances of different families shows that the difference in the LHV of substances of different families is small, and the size
of LHV is mainly determined by n. For p, FP and CN, the difference in the properties of substances of different families is
obvious. The trained model can be used to predict new molecules for new fuel design. The ML-QSPR method is expected
to be used as a transfer learning model for the property analysis of different coal-based liquids when being applied in oth-

er application scenarios.
Key words: coal tar; liquids from direct coal liquefaction; coal structure; coal composition; molecular descriptors
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Table 1 Information on the structure of debris on the ring
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Fig.1 Illustration of the structure of debris on the ring
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Fig.2 Different ways of connecting rings
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Table 2 Information on the structure of the C and O elemental fragments
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Table 3 Information on the structure of the N and S elemental fragments
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Fig.4 Molecular descriptor information obtained using 2-phenanthrenecarboxylic acid as an example
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Fig.5 Molecular descriptor information obtained using 9-(4-biphenyl)carbazole as an example
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Table 5 Optimal structure of neural network property
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Table 6 Model performance for different datasets
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®7 BFNEENUEY LHY NER
Table 7 LHYV prediction results for each type of compound

RS BILBEUAY p TINER
Table 8 p prediction results for each type of compound

£ A% m Dar  Erwg/(d-molh) R *5) A% m Dyr Erws/(grem) R
EMBEE 31 0.012 342.393 0.998 EMBERE 25 0.007 0.007 0.997
B 70 0.006 34.439 0.999 ke 75 0.015 0.013 0.993
Ly 107 0.008 58.613 0.999 Ly 96  0.01 0.009 0.997
RNz Bt M 32 0.027 203.134 0.983 e Wik Bt M 25 0.017 0.015 0.991
ks 18 0.014 43.396 0.999 oS 20 0.008 0.008 0.997
ek 98  0.009 149.348 0.999 Whesz 71 0.009 0.011 0.988
Wi 18 0.011 152.254 0.980 W 13 0.014 0.018 0.950
HERE FEKE 168 0.014 207.608 0.995 HER FSEMKE 146 0.008 0.013 0.981
[EES 121 0.019 177.202 0.995 [E8S 117 0.016 0.017 0.988
R 8 0.008 36.363 0.999 T 7 0.008 0.012 0.951
B 34 0.009 40.769 0.999 B 33 0.015 0.016 0.975
[{EES 31 0.009 31.844 0.999 [iiES 47 0.009 0.013 0.970
BN 7 0.021 129.041 0.995 BN 3 0.007 0.001 0.954
L FE 91 0.013 109.740 0.999 HIAEE 138 0.010 0.017 0.974
solay wolkel
AR 28 0.017 128.915 0.997 AR 38 0.016 0.021 0.941
TCH Tk 50 0.021 217.429 0.988 TCHE 61 0016 0.015 0.979
URIEES 6 0.010 31.110 0.999 URIEES 12 0.006 0.008 0.985
oA FR Rk 9  0.064 184.221 0.994 HAWSREE 14 0.011 0.014 0.986
TR g 4 0.032 74.884 0.999 TRIR I 50017 0.019 0.995
RiR 56 0.037 150.004 0.997 ‘iR 32 0.024 0.029 0.994
FNILEY) 238 0.042 279.532 0.986 ENLEY) 38 0.012 0.016 0.990
FSiEY 86 0.167 201.913 0.992 TG 7 0.019 0.039 0.923
HoAth ZHEAEH 62 0.030 157.815 0.995 At ZEMRH 73 0015 0.021 0.989

686 MG AT E, [FIFEFEHLIES 10 ¥K; 4kEk
FH ik BIREHLE 343, 172, 86 ANHcdE (i FAH A Y
BOAIZHARE 10 K. Goit EIRA BRI 28 |
BAEE | MR 3 MEAD RS, WEE 12, AT H 50
PR I ZR L bR T 86 M8kt = I 2k, B 1
UAER I 258 R*<0.95, HA I BB R® 2455
T 0.95, Hih Sl ol 343, 686, 1373 N, R 2
KT 0.99, BEHIXT T 2R JLAPA [R] ) A 8540 1)1 5
BRI, WS BB A 25 TR O H 4T
{BS: i HF4E 5 R4 R7<0.95 (I, K INREE
Bt B i T R, AR S B IE AR Y R<0.95 ALK
B B 2 358 i, B ALAS B AR R TN RR A, S
P IA AL, SR EE = 1373 B, A 10 1K
BEHLIIZE AP AT 8K B — IR 4R 1 RP<0.95, 1 i3 1
B AR H T ZEAR S K, (HAH T B s R 86,
343, 686, A B AE A G 1 LG .

WEAR, Ak 275 52/ IN B AR X B TR 3 Bl 4 5 )
[FRELL LHV B8 4E 6, LHV BOE 4 /N SBE

WEZMES NALEY, itk & N L& P/
FEBE B RN RTE TR A s2 e . LT 1 SCAR B A f i
SR, Ml R B A2 A S Y ECRE, geit
BRAE S N AL G Hs D5 2 SRR R BRI,
WK 13, Y45 NG w2 0 i, S8
N 11354, W BEIRAE N R SR K, T 24 o 2
FIAEGL /N, PTREME SRR & N L&Y B RER 2,
WM& NS HE 240, & NbaYw RP R
0.449, [N, LHV 3 B £5 2 5146 & 1 B ds 1 % 2
BARAER R BEA KK,
25 BREWHERTN
PEILRART= S N B AR &9, N IR 75 % S8R
BWIRE R SIR A Y 25 Ao YT B ) B ¢
2, BE CN FPXHR AR A BN T TR R R .
CN B v &4 — . =JuiR-A W%, 7e il
T v 2 SR FH A A A A 4 B 2 ok 6 E a1 G
FAINEBNE A YR AT IO . BRI A
Y& dlsr AL 45 B, - A X, HEERE AR,
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Table 9 FP prediction results for each type of compound

# 11 ML-QSPR BN RS Tkt
Table 11 Comparison of the model proposed in this paper

with previous studies

P i Jrit: m Engs R
AT ML-QSPR 1373 187.878 0.996
LHV/KJ * mol™")  Frutiger®"] MG GC 794 368.166 0.990
Albahril'?) ANN 586 946.731 0.994
AT ML-QSPR 1096 0.016 0.988
pl(g + em ™) Roubehie!'l  QSPR-ANN 222 0.006 0.995
Saldanal**! ANN 730 0.307 0.997
EN TS ML-QSPR 1056 12.022 0.987

FP/K .

Satyanarayana*’] (SE,"g‘}? s %%lp) 250 0.980
NI ML-QSPR 376 5.026 0.959
CN Saldana*"! QSPR 625  6.300 0.959
Saldanal*”] QSPR-GM 229  6.300 0.934

£12 LHV ARSHIEET 3 MEEE R <0.95 X #5it
Table 12 Statistics on the number of times R < 0.95 for the

three datasets with different total data volume

m gl KA il S
86 1 6 7
172 0 1 8
343 0 2 5
686 0 1 3
1373 0 0 1

%13 LHV #iEEHEDE N L aWEIHEAHxY
R H R0
Table 13 LHYV dataset impact of reducing the number of

N-containing compounds on modeling

%5 U= m  Dur  EK R
TEAR SRR 28 0.012 7.317 0.992
SHAbE R 64 0017 6.596 0.995
il 67  0.024 7.917 0.994
i ot I 21 0.023 8.694 0.995
Pz 12 0015 5.130 0.998
Wheks 36 0.026 13.233 0.979
W 11 0.028 9.897 0.991
HER S 128 0.021 15391 0.918
e 123 0.026 11.941 0.950
R 9  0.019 10.875 0.910
=S 37 0.020 8.964 0.986
e 40  0.017 6.593 0.999
BN 2 0.059 27.629 0.583
LA 111 0.018 8.283 0.987
Folksw )
ANt g 32 0.028 10.315 0.981
Tk 43 0.047 15.872 0.970
URUES 7 0.028 8.473 0.994
oA ER Tk 7 0015 4727 0.997
TR g 4 0.069 36.630 0.630
RIR 56 0.026 13.234 0.972
SNILEY 113 0.014 13.794 0.996
“StB 29 0.020 16.667 0.994
HoAth ZE e 76 0.029 12.801 0.945
F£10 FNRBEULEY CNFNER
Table 10 CN prediction results for each type of compound
255 /N m Daar Erwms R
ke 34 0.043 2275 0.985
iEfligss
Bipike 49 0.133 4759 0.966
iz 34 0.046 7.405 0.947
i
% 24 0.053 2.739 0.980
N =S 17 0.048 3.051 0.964
HZOAEY
[[EES 88 0.087 5.829 0.957
HEY REY 130 0.064 3.568 0.970

REWH i D0 FIRTT = Hor A% i DT
RAF ARGV A S + A B 5 i AT
RGP A D B S+ + 410 X5 i T
WAPR S 40 X b .

ANFEPIBHRS G CN BFRINZE R WL 14, /] LI
H AR R A REAR S P00 1F 58 ot — 5 B ML IE A+ e —
FLERA IR CON, RIS IE Bk —1E T BR3P O e

m BN A PIHE BR? NILAYIR
1135 0 0.988 0
1136 1 0.984 0.994
1137 2 0.996 0.449
1139 4 0.989 0.999
1144 9 0.995 0.974
1150 15 0.992 0.999
1165 30 0.996 0.999
1195 60 0.994 0.999
1254 119 0.995 0.997
1373 238 0.996 0.986

FIIE B~ B30 O e BN BCR AN, v e 5 1E B
KW & AT AR PN ACR, BB BEXT B
ARSI RMUE . — T HRFMIRE

Bli it b, 5 — 5wl fg s th T 4P B S A RS
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F14 BAY CNBIUER
Table 14 Mixture CN prediction

2K, m R
PS5 12 0.990
IE PSR R 15 0.986
SRk 1O 9 0.997
FEE-A O 9 0.999
S e 9 0.998
IEZS B 4 0.980
BBt 23 0.535
IEZS -t R 2 0.909
158 AV el s WAV 5 0.951
Jl Sy i o = 5 0.765
TEBEbE-IE T 53R e 4 0.497
103 T e 4 0.936
IE P —H B O 7 0.787
E PR 12 0.968
E75bi-2,2,4,4,6,8,8—L HI 3L T4 10 0.999
&it 130 0.970

2.6 ML-QSPR iz 533873tk

Y% 15 v AL SEBR— Uil i 4 SRR RE S HL
T EAET—E IR SEOREA . ILAh, 5280 A L 7E
S ) AR AR AR v 1 S IR AE A I LA A
B FERME R NE R EE ROV IE PRI TR LHV. p.
FP LA K CN AP HAE I T A B o ) 2t
) ML-QSPR J5 i, {7 HEEAL S 0 Ak 2- 2548, i e
X} LHV., p. FP fil CN X 4 MMRRHERES B T 1T,
LT R 5 AR

# 15 ML-QSPR 7k 5Lk tk
Table 15 Comparison of the ML-QSPR method with

experimental
TR A B T EL A B[]
) B
PRIR S ML-QSPR  RIRZCE  ML-QSPR

LHV 0.2~0.5 g% 0 >4 hl? <1 min

P 100 mLB7! 0 <1 min

FP 50~80 mL®! 0 <1 min
CN 40~500 mL!!7] 0 40 min!! <1 min

2.7 A NBRlEsES TN R o
AW h R e AN R A 2 30 5 v B R R

P, 025 AH ) B R AR B8O [R] A 4 55 1 o 45
5o P, 82 TORXER R IR Ak A W HEA T
53#1. W58 LHV. p. FP. CN 54 F45H B C R, K
TS A TR 1 it 5%

P 7 R 2MBREL (n) BN AS [ A A B 2 S i
fRigas . FEUIIRYE A 6 J2 AR T 75 5] 1Y

w5 R, I B BOR R 253 16 90 5 L A, ] —
YT E BE AT SR, B A bR S ER I Ak, #R
BRI 2 B 1 AN SEE 2 MR T,

(1) LHV: W& 7(a) Fi7R, n AR, AS[RERL 206
Y LHV 2285/, LHV 2l n 520, 20 F n 30,
LHV B3 T %,

(2) p: WE 7(b) FioR, IEFIBERE . Bk | JE R
Wbl B BEEYI R n BEIN, p B AN, Hrp bR
W I B 2 PR E I PR I B 2, G ER B T p oKy
0.776 g/em’, FRBEE p 4 0.814 g/em®, FR 1N 1 V%,
p BT 0.038 g/em’, M IEFIBERE Bk | RFRBEAEHE N
HA/NT 0.02 g/cm3; R WA SRR p HEE n
Bk > o ABREE n BN, BRI BEIRIN, &2
(1) p kRS T2 A,

(3) FP: Wl 7(c) iz, B2 R RO bt
B IEMBEE . TR BRI IR AR 3G T R,
FP EZ T2 F Pk S5 3% 530k 28] P
H A — 3, X/ NIrh n AHIRIE, BE2ESTESIS
TCIF B R>7S TU B> IE A B> SRR A i) 55
ek . MRIRECT, S Y, FP & TR
RE e/

(4) CN: W&l 7(d) o, A BEss . 5 AT . 2.
W | Jike 5 W, AT LA 1 CON BfE n I
i, LRI RSB R, e kR ON B B & T
3%,

3 38 B8 AN [ 2 53 04 ) T 1 e D - 25 e 1 )
(1 4 AN BRBHERE S B A AT LI 1, 4 MRRME
RESHUHRZ n WS I 5 o X HEOAR TR) 1 4143 A ) o
BAMET AT, AFGEA YR LHY 28870, 322
i n YJEE; MXET p. FP FI CN, AS[RIEZH 4 694 stk
FRZERE A

3 04 it

(1) A T — Bl S SRR A ) 3 TR AT,
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