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abbreviation description

nHbondA number of hydrogen bond acceptor
nHbondD number of hydrogen bond donor
nNH, number of amino group

nAHC number of aromatic heterocycle
nACC number of aromatic carbocycle
nRbond number of rotatable bond

nR number of ring

nNNO, number of nitramine group
nCNO, number of nitro group
nC(NO,), number of nitroform group
nC(NO,), number of dinitro group

nCNO, number of nitro group
MinPartialCharge minimum value of partial charge
MaxPartialCharge maximum value of partial charge

abbreviation description

nH number of hydrogen atom

nC number of carbon atom

nN number of nitrogen atom

nO number of oxygen atom

PBF plane of best fit

TPSA topological polar surface area
OB oxygen balance

molecular weight

molecular weight

PMI, principal moments of inertia 3

nCH, number of methyl group

nOCH, number of methoxy group

NPR1 normalized principal moments ratios 1
NPR2 normalized principal moments ratios 2
MOLvolume molecular volume
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sion algorithms
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Table 2 Hyperparameter of six models

models alpha coef0 degree gamma kernel

type

p_model 7.8330 1.3013 13.8973 0.0044 poly
D,_model 10.9222 1.7014 9.5205 0.0032  poly
p_model 8.7090 1.2274 10.4000 0.0081 poly
AH, .._model  0.0214 3.2477 10.7618 1.6233  poly
IS_model 5.4577 0.0845 5.0248 0.0309 poly
T,_model 6.1071 1.2311 9.7314 0.0062  poly

Note: alpha is the regularization strength. coefO is a constant term in the
polynomial kernel function. Degree is the degree of the polynomial
kernel function. Gamma is an inherent parameter of the kernel func-
tion. The kernel function is selected from radial basis function (Rbf)

and polynomial function (Poly).
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Table 3 R*, MAE and MAPE relusts for six property prediction model
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Table 4 Comparison of energy molecule performance prediction models between this study and reported models

number . o R*(MAE)
model algorithms featurization
of data p_model D _model p_model AH, ., model T, model IS _model
) e-state fingerprint, 0.91 0.79 0.81 0.96 0.63 0.61
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19 study custom descriptors (0.041) (2403 (2.194)  (62.94) (31.24)  (0.24)
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Note: KRR is Kernel Ridge Regression. SVR is Support Vector Regression. RF is Random Forest. KNN is K-Nearest Neighbors. 3D CNNs is 3-Dimensional Convolu-

tional Neural Networks. RNN is Recurrent Neural Network. LASSO is Least Absolute Shrinkage and Selection Operator. BRR is Bayesian Ridge Regression.

RFR is Random Forest Regression. LM is Levenberg-Marquardt. VOM is volume occupation spatial matrix. HCM is heat contribution spatial matrix.
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Machine Learning Assisted High-throughput Design of [5,6] Fused Ring Energetic Compounds

PAN Lin-hu, WANG Rui-hui, FAN Ming-ren, SONG Si-wei, WANG Yi, ZHANG Qing-hua
(School of Astronautics , Northwestern Polytechnical University , Xi'an 710072, China)

Abstract:

Compared with the

research and development model

guided by experience and calculations, machine

learning-assisted high-throughput virtual screening technology for energetic molecules has shown obvious advantages in terms of
molecular design efficiency and quantitative analysis of structure-activity relationships. In view of the fact that nitrogen-rich fused
ring energetic compounds usually show better energy-stable balance properties, this study uses machine learning-assisted
high-throughput virtual technology to conduct chemical space exploration of [ 5, 6] nitrogen-rich fused ring energetic molecules.
Based on the [ 5, 6] all-carbon skeleton, this study obtained 142,689 [5,6] fused ring compounds through combined enumera-
tion and aromatic screening. At the same time, a machine learning algorithm was used to establish and optimize an energetic
molecular property prediction model (including density, decomposition temperature, detonation velocity, detonation pressure,
impact sensitivity and enthalpy of formation). The effects of nitrogen and oxygen atoms on the fused ring and functional groups
on the molecule on the performance of energetic compounds were analyzed. The research results show that the structure-activity
relationship of the generated fused ring compounds is consistent with the general correlation between energy and stability of ener-
getic compounds, verifying the rationality of the prediction model. Taking detonation velocity and decomposition temperature as
the criteria for energy and thermal stability, five molecules with outstanding comprehensive properties were screened, and the
quantum chemical calculation results were in good agreement with the machine learning prediction results, which further veri-
fied the accuracy of the prediction model.

Key words: machine learning; high-throughput screening; kernel ridge regression; molecular design; [5, 6] fused ring energetic
compounds
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