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Table 1 Parameters of XGBoost Regressor models

model parameters T./K T, /K p/gcm” U, / Hartree U / Hartree H / Hartree G / Hartree
learning_rate 0.2 0.03 0.03 0.1 0.1 0.1 0.1
n_estimators 400 900 950 900 900 900 900
max_depth 4 7 3 16 16 16 16
min_child_weight 4 4 6 4 4 4 4
subsample 0.8 0.7 0.9 0.9 0.9 0.9 0.9
colsample_bytree 0.7 0.9 0.8 0.6 0.6 0.6 0.6
gamma 0.1 0.1 0.1 0.1 0.1 0.1 0.1
reg_alpha 0.1 1 0.1 3 3 3 3
reg_lambda 0.05 0.1 1 1 1 1 1

Note: T ,T, ,p, U, U, Hand G respectively indicate melting point, boiling point, density, internal energy at 0 K, internal energy at 298.15 K, enthalpy at

298.15 K and Gibbs free energy at 298.15 K.
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Table 2 MAEs of predicting different properties of 2899 hydrocarbon molecules via different machine learning methods on the

test set
models T./K T,/K p/gcm™ U, / Hartree U / Hartree H / Hartree G / Hartree
Decision Tree Regressor 24.0925 15.2306 0.0266 0.7512 0.9946 1.0476 0.8138
Lasso CV 27.6617 11.8971 0.0303 4.3891 4.3885 3.2686 4.3900
Ridge CV 37.1347 10.6289 0.0277 0.1380 0.1375 0.1375 0.1390
XGBoost Regressor 19.9442 9.0034 0.0258 0.4964 0.5540 0.5540 0.5130
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Fig.3 Comparison of predicted and experimental values for different properties (T, ., T,, p) by XGBoost Regressor models (the

prediction error in the figure is on the test set)
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Fig.4 Comparison of predicted and experimental values for different properties (U,, U, H, G) by Ridge CV models (the predic-

tion error in the figure is on the test set)
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Table 3 MAEs of predicting different properties of the fuel molecules with different carbon atoms (C10, C11 and C12) by ma-

chine learning

T./K T,/K p/gcm™ U, / Hartree U / Hartree H / Hartree G / Hartree
c10 5.6006 1.8174 0.0263 0.0779 0.0778 0.0778 0.0782
C11 4.1873 1.7865 0.0199 0.0568 0.0568 0.0568 0.0570
ci12 3.9479 1.4238 0.0198 0.0332 0.0031 0.0331 0.0334
Chinese Journal of Energetic Materials, Vol.33, No.1, 2025 (1-12) A A AL www.energetic-materials.org.cn
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Table4 MAEs of predicting different properties of the fuel molecules with different types

T./K T,/K p/gcm” U,/ Hartree U/ Hartree H / Hartree G / Hartree
Paraffin hydrocarbon 3.6359 1.4051 0.0203 0.0215 0.0214 0.0214 0.0217
Cycloalkanes 6.2300 2.0715 0.0273 0.0562 0.0562 0.0561 0.0562
Olefin 4.7784 2.1273 0.0285 0.0314 0.0314 0.0314 0.0316
Alkyne 5.5570 1.7478 0.0272 0.0491 0.0488 0.0488 0.0498
Aromatic hydrocarbon 14.4088 2.7554 0.0272 0.1741 0.1739 0.1739 0.1743
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Fig.5 Comparison of predicting different properties for different isomers
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Fig.6 Molecular structures of 34 hydrocarbon fuel molecules (No.1, 2, 3, 4, 5, 6, 15, 16, 19, 31 molecules appeared in the

neural network model training dataset)
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Table 5 Calculated properties of 37 hydrocarbon molecules
discovered by high-throughput screening and traditional fuels
of JP-10 and QC

.. T, b NHOC Lo
/K /g-cm™ / M) kg™ /m-s”!
24245 271.3 0.9593 42.56 340.3
34404 268.6 0.9698 44.68 348.7
34426 260.1 0.9655 42.55 340.2
47159 255.3 0.9518 45.55 352.0
69923 256.7 0.9579 42.13 340.2
69927 252.8 0.9609 42.10 340.1
72334 270.7 0.9610 42.41 341.4
90300 263.6 0.9642 43.99 347.6
90308 261.1 0.9511 42.38 341.2
90346 272.3 0.9585 46.31 356.7
90876 258.1 0.9516 44.50 349.6
91889 261.3 0.9544 4493 351.3
92023 268.9 0.9513 43.39 345.3
93008 265.2 0.9615 42.96 343.5
95610 262.2 0.9633 46.22 354.1
95618 262.8 0.9578 42.80 3429
95640 254.6 0.9660 42.83 340.8
95654 256.7 0.9619 42.40 341.3
95656 250.5 0.9594 43.54 345.8
95666 249.8 0.9625 41.94 339.4
95669 266.5 0.9573 42.10 340.1
95670 255.4 0.9609 44.20 348.4
114503 272.2 0.9538 41.94 339.4
115124 270.6 0.9549 42.42 341.4
115631 268.2 0.9500 42.36 341.1
115690 271.6 0.9668 43.67 346.4
116969 272.5 0.9553 43.28 344.8
118209 267.8 0.9546 45.18 352.3
170771 271.1 0.9537 44.46 347.3
214485 269.9 0.9523 42.07 337.8
220687 247.5 0.9515 42.33 338.8
233278 271.8 0.9512 42.41 339.2
236950 265.9 0.9500 41.80 338.9
286775 234.0 0.9544 44.49 347.4
286788 263.6 0.9502 42.55 339.7
286797 259.0 0.9550 42.65 340.1
286798 268.7 0.9536 42.63 340.1
JP-10 269.3 1.04 42.17 337.4
QC 230.0 1.09 43.02 347.4
A A AL www.energetic—materials.org.cn
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Machine Learning Assisted Property Prediction of Hydrocarbon Molecules and High Throughput Screening
for Fuel

HOU Fang', @l Xiao-ning*”’, LIU Rui-chen', LI Ling’, WANG Li'*’, ZHANG Xiang-wen'*"”, LI Guo-zhu'*"’

(1. School of Chemical Engineering and Technology, Tianjin University, Tianjin 300072, China; 2. Key Laboratory for Advanced Fuel and Chemical
Propellant of Ministry of Education , Tianjin 300072, China; 3. Haihe Laboratory of Green Creation and Manufacture of Matter, Tianjin 300192, China; 4.
Institute of Computing Technology, Chinese Academy of Sciences (CAS) , Beijing 100910, China; 5. University of Chinese Academy of Sciences, Beijing
100910, China; 6. Chengde Vanadium Titanium New Material Co., Lid., Chengde 067102, China)

Abstract: A big database containing molecular structures and multiple properties of 2899 hydrocarbon molecules (the number of
carbon atom is from 1 to 50), was constructed via data collection, structure optimization and quantum chemistry calculation.
Seven properties were focused, including melting point (T,,), boiling point (T,), density (p), internal energy at 0 K (U,), inter-
nal energy at 298.15 K (U), enthalpy at 298.15 K (H) and Gibbs free energy at 298.15 K (G). Four different machine learning
models were established, including Decision Tree Regressor, Lasso CV, Ridge CV and XGBoost Regressor, using coulomb ma-
trix representing molecular structures as the input. In comparison, the XGBoost Regressor model is more suitable for regressing
experimental melting point, boiling point and density of hydrocarbon molecules; Ridge CV model is more suitable for the predic-
tion of four thermodynamic energy properties. In addition, the optimized machine learning combined model can accurately pre-
dict the properties of the hydrocarbon molecules with same carbon numbers, hydrocarbons with different types and hydrocarbon
isomers. Furthermore, the densities of 34 high-density hydrocarbon fuels reported experimentally were calculated by the opti-
mized machine learning model. The mean absolute error between the calculated values and the experimental values is only
0.0290 g cm™. Next, the fuel properties of 319,893 hydrocarbon molecules in GDB-13C were predicted by the machine learn-
ing model to establish a big database containing hydrocarbon structure and fuel properties. Based on high-throughput screening,
37 hydrocarbon fuel molecules with low freezing point and high density have been discovered. Through the proof-of-concept via
group contribution method and DFT method, the net heat of combustion and specific impulse of the as-screened new molecules
are similar to those of JP-10 and quadricyclane (QC).
Key words: machine learning; hydrocarbon molecule; high-density hydrocarbon fuel; property prediction; high throughput
screening
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