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Determination of sensitivity of high explosives (HEs) to different external loadings in a safe and rapid way is
of great concern throughout the entire lifetime of a high explosive. However, sensitivity related research is
still challenging due to the complexity of numerous physical-chemical processes that coexist under a transi-
ent external loading. Laser-induced plasma spectroscopy (LIPS) has emerged as a promising tool for
detecting and characterizing explosives. Herein, we present an interpretable-machine-learning analytical
approach for probing the potential intrinsic factors of sensitivity at the atomic and molecular levels using
LIPS spectra and custom descriptors. The intrinsic natures of sensitivity are revealed as an attempt, which
promotes a tight correlation between measured sensitivity and molecular structure, atomic proportions and
electron transfer through statistical methods. Several factors, such as multi-core oil-water partition coeffi-
cient (Mlog P), oxygen balance (OB), minimum value of partial charge (MinPC), aromatic index (Al), and emis-
sion intensity of CN radicals and C2 dimers, are found to be intimately related to sensitivity. By considering
these factors, we can easily differentiate between sensitive and insensitive explosives. These findings highlight
the significance of combining observed LIPS spectra and calculated atomic and molecular descriptors with
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1. Introduction

As a special group of high-power energy release materials, high
explosives (HEs) play an irreplaceable role in promoting the
development of science, technology, and society. Significant pro-
gress has been achieved in developing novel high energy density
materials, such as energetic extended solids," energetic ionic
liquids,” energetic metal organic frameworks,® energetic co-
crystals® and energetic perovskites.”> However, HEs can be easily
detonated under very low external stimuli, which has greatly
hindered their application and development. Therefore, the accu-
rate measurement, internal mechanism and influencing factors of
different sensitivities are the leading scientific issues in the field
of energetic materials. In terms of experimental aspect, the
measurement of sensitivity is usually based on common standard
methods established by countries or organizations, for instance,
drop weight impact test® for impact sensitivity and pendulum
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machine learning to enhance the future analytical workflow for studying the sensitivity of explosives.

tribometer for friction sensitivity.” Obviously, every measure of
sensitivity requires specialized equipment and lengthy testing.
With regard to the theoretical aspect, with the application of
molecular simulation and the corresponding theoretical methods,
it has been proved that the factors related to sensitivity include,
but are not limited to, molecular and crystal level parameters,
such as composition, geometric structure, electronic structure,
molecular packing pattern, intermolecular interaction, crystal
morphology, crystal size and so on. Delpuech et al.*® investigate
the effect of molecular electronic structure on sensitivity. Zeman
et al.™® found a linear relationship between the nuclear magnetic
resonance (NMR) chemical shift and impact sensitivity as well as
electric spark sensitivity. Zhang et al.'™'? elaborate on how an
intrinsic structure like the crystal packing structure and its
substructure affect sensitivity. Of course, non-intrinsic structures
for example crystal defects are also associated with sensitivity."?
Notwithstanding all these attempts, there is still a scientific gap to
build a bridge between those meaningful intrinsic material para-
meters and sensitivity obtained by measurement.
Nowadays, laser-induced micro-explosion technology
including laser-induced plasma spectroscopy (LIPS)'®™*° and

14,15

laser-induced air shock from energetic materials (LASEM)*® has
been considered as a promising high-throughput microscale experi-
mental method for detonation study because the conditions in the
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laser-induced plasma are very similar to those in the chemical
reaction zone behind the detonation wave of a detonating bulk
explosive.”’ The past few years have witnessed the unprecedented
rapid development of fast performance prediction and chemical
reaction analysis by the interaction of nanosecond pulsed laser
interaction with small dose energetic materials on the microgram
to milligram scale. Gottfried et al. came up with a laboratory-scale
method for estimating the detonation velocity of explosives™>*
and the release of chemical energy in spatially programmed
ferroelectrics® from laser-induced shock waves. Our prior
work®>?® has proved that effective radiation of laser-induced
plasma is closely related to the sensitivity of HEs, and then naturally
proposes a quantitative analysis of sensitivity based on LIPS spectra.
Nevertheless, the relatively high accuracy with the sacrifice of
interpretability makes the nature of the physical association
between radiation spectra and sensitivity remain elusive.

As the extension of our previous work, a timesaving and
resource-intensive approach based on collaborative analysis of
LIPS spectral variables and theoretical descriptor variables by
using interpretive machine learning (ML) models is discussed
and represented by HEs, in particular, CL-20, HMX and so on. The
current study focuses on the discovery of dominant intrinsic
differences of explosive sensitivity by using SHapley Additive
exPlanations (SHAP) and feature importance derived for the
random forest (RF) classifier. We present a framework for quickly
establishing a classification model of different sensitivities,
including impact sensitivity, friction sensitivity, electrostatic sen-
sitivity and laser sensitivity. It consists of three components: (1)
feature extraction from observed LIPS spectra and calculated
atomic and molecular descriptors, (2) ML model building, and
(3) feature interpretation. With only 9 kinds of HEs measured and
16 kinds of structurally alike compounds used for comparison, we
demonstrate several sensitivity classification tasks with an accu-
racy of R* = 100%. The framework, together with feature impor-
tance analysis and domain expertise, could serve as a foundation
for the accelerated development and understanding of sensitivity.

2. Materials and methods
2.1. Preparation and characterization of HEs

Nine kinds of single-compound HEs (particle size <500 pm,
purity >99.5%) referred to as E1 to E9 were investigated in an
open air environment. The impact sensitivity (IS) and friction

Table 1 A list of the HEs studied and their sensitivities
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sensitivity (FS) of HEs were measured by using a BAM fall
hammer BFH-10 (Germany) and FSKM-10 BAM (Germany)
friction apparatus, respectively. Electrostatic sensitivity (ES)
was obtained by using a charge capacitance of 500 pF and an
electrode gap length of 0.12 mm. The measurement of laser
sensitivity (LS) was through our homemade laser-loaded micro-
explosion setup.”® Sensitivity test results are given in Table 1.
Note that when the explosives still fail to detonate under the
maximum load of the instrument, their sensitivity values are
marked as “>”. For instance, “>40" in Table 1 means that
TNT, TATB, and DNAN are very insensitive to external impacts
compared to other samples. The LIPS spectra are collected by a
self-assembled device, which was described in our previous
studies.>”?® In order to eliminate the influence of carbon ring
bodies on molecular properties and expand the size of data set,
two different types of organic ring compounds including eight
kinds of energetic tetrazole ring-based organic high-nitrogen
compounds marked as S1 to S8 and eight kinds of benzene ring
organics marked as B1 to B§ were also investigated (Table S1,
ESIT). 10-15 mg of fine pulverized compound was firmly pressed
and evenly pasted on a double-sided tape (18 mm x 20 mm), and
a spatula was used to press tightly and scrape off excess powders.
LIPS acquisition parameters were optimized to obtain a high
signal-to-noise ratio (SNR) with an excitation of 30 m], a time
delay of 0.5 ps and an acquisition time of 30 ps. For each
compound, totally 100 optical emission spectra are collected.

2.2. Descriptors computational details

The calculation of atomic and molecular custom descriptors
was accomplished by RDkit library”® based on simplified
molecular input line entry specification (SMILES),*® including
molecular weight (MolWt), number of hydrogen bond acceptor
(NumHBA), number of hydrogen bond donor (NumHBA),
multi-core oil-water partition coefficient (Mlog P),>* Aromatic
Index (AI) and so on. The crystal density (density) was obtained
from the Cambridge Crystallographic Data Centre (CCDC).

2.3. Forming the data set

For spectroscopic data, the dimensionality of the feature space
regularly outweighs the number of samples available for train-
ing, which requires feature reduction to avoid later misclassi-
fications after the removal of abnormal spectra based on a 2c-
criterion.*> Therefore, 10 main spectral lines from the LIPS

Impact
Sample Abbreviation Chemical name

sensitivity (IS, J)

Electrostatic Laser
sensitivity (ES, mJ) sensitivity (LS, ] cm™?)

Friction
sensitivity (FS, N)

E1 CL-20 Hexanitrohexaazaisowurtzitane 2.0
E2 HMX Cyclotetramethylene tetranitramine 4.5
E3 RDX Cyclotrimethylenetrinitramine 6.5
E4 TNT Trinitrotoluene >40
E5 FOX-7 1,1-Diamino-2,2-dinitroethylene 11.0
E6 TATB 1,3,5-Triamino-2,4,6-trinitrobenzene >40
E7 LLM-105 2,6-Diamino-3,5-dinitropyrazine-1-oxide 8.0
ES8 DNAN 2,4-Dinitroanisole >40
E9 NTO 3-Nitro-1,2,4-triazole-5-one 15
3922 | Mater. Adv, 2024, 5, 3921-3928

64 601 17.02
80 763 33.89
112 760 29.68
355 2770 10.59
360 1380 28.28
>360 1690 13.67
>360 1260 22.78
>360 1950 5.54
>360 1130 >70

© 2024 The Author(s). Published by the Royal Society of Chemistry
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spectra resorting to domain spectral knowledge and 13 atomic
and molecular custom descriptors were selected as features to
feed into the subsequent model (Table S2, ESIt). These selected
features can be divided into four major categories: atomic
spectral features, molecular spectral features, atomic custom
descriptors and molecular custom descriptors as shown in
Table S3 (ESIt). Atomic spectral features are the emission
intensities from atoms, such as carbon atoms, hydrogen atoms
and so on, while molecular spectral features are the emission
intensities from CN and C, molecules. Atomic custom descrip-
tors, including maximum value of partial charge (MaxPC) and
minimum value of partial charge (MinPC), are often used for a
qualitative understanding of the structure and reactivity of
molecules.** Molecular custom descriptors indicate molecular
composition, topological shape and structure, such as oxygen
balance (OB), Balaban], Al and so on. According to the
responses of the HEs to different external stimuli, multiple
binary classification tasks were constructed, including impact
sensitive (impact sensitivity <40 J) vs. impact insensitive
(impact sensitivity > 40 J), friction sensitive (friction sensitivity
<360 N) vs. friction insensitive (friction sensitivity >360 N),
and laser sensitive (laser sensitivity <70 J em ) vs. laser
insensitive (laser sensitivity >70 ] cm™?). For electrostatic
sensitivity, all the measure values are within the range. LLM-
105 is one of the well-known electrostatic insensitive
explosives,* as well as FOX-7, TATB, TNT and so on. So a
relatively reasonable value (1200 m]J) is considered to be the
threshold for the division of sensitivity and insensitivity, ensur-
ing that the above samples are classified as electrostatic insen-
sitive. Subsequently, random sampling and averaging strategy
was adopted to balance the number of samples of different
categories and facilitate data augmentation (Fig. S1, ESIT). For
the data matrix of each sample spectral, four spectra are
randomly selected and averaged as a final spectrum. And then
the above step was repeated until a sufficient amount of the
desired spectra data matrix is obtained. The amount of final
spectra is determined by the number of repeats. The sample
sets of different categories and the final spectral quantities are
shown in Table S4 (ESIt). Eventually, the training set, validation
set and the prediction set were divided in a ratio of 3:1:1.
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2.4. Machine learning models and feature interpretation

Sensitivity classification models were trained by random forest
(RF) classifier implemented in the Scikitlearn package.’® The
training data were fed to ML models, and the validation data
needed to be well split by tuning multiple model parameters. And
then, the prediction data were used to test the accuracy and
applicability of the trained ML models. In order to further explore
the interpretation of features, the feature importance directly
derived from RF feature importance ranking and deduced
from SHAP analysis by using the SHAP Python package®**” was
considered comprehensively. Prior to the analysis, Spearman rank
correlation matrices*® of features were calculated to confirm that
the features did not have very high correlations with each other,
which could distort the analysis reliability (Fig. S2, ESIT).
T-distributed stochastic neighbor embedding (t-SNE) was intro-
duced for better visualization of feature space, which was a non-
linear dimensionality reduction technique proposed in 2008.*°

3. Results and discussion

The overall framework and procedures for interpretable-ML-
assisted analysis of the dominant factors of sensitivities are
illustrated in Fig. 1. Initially, LIPS spectra collected from a
homemade experimental device and atomic and molecular
custom descriptors calculated by RDKkit library are obtained
(Fig. 1a). For lifting the “curse of dimensionality”, 10 spectral
variables are carefully selected from more than ten thousand
spectral variables as the effective spectral features, which are
derived from the main particles of laser-induced plasma, such as
carbon atoms, hydrogen atoms, and carbon nitrogen radicals, to
name a few. Then, multiple sensitivity classification models are
built through an RF classifier (Fig. 1b). Finally the ML model is
further explained based on the organic fusion of SHAP frame-
work, feature importance and feature visualization (Fig. 1c).

3.1. Feature extraction and visualization

Prototypical original LIPS spectra and molecular structures of
HEs are shown in Fig. 2. According to the spectral database of
the National Institute of Standards and Technology (NIST), the

c) Feature interpretation
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Fig. 1 Overall framework for interpretable-ML-assisted analysis of sensitivities in this work. (a) Feature extraction from LIPS and atomic and molecular
custom descriptors. (b) RF ML model building. (c) Feature interpretation from feature importance and SHAP analysis.
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well-isolated characteristic spectral lines can be determined as
shown in Fig. S3 (ESIt), including (i) the atomic emission from
main elements, namely, carbon, hydrogen, oxygen, and nitro-
gen, (ii) the atomic or ionic emission from small amounts of
impurity elements, such as magnesium, calcium and sodium,
and (iii) the molecular emission from diatomic molecules for
examples, CN violet system and C2 swan system. It can be seen
that the emission lines from the LIPS spectra of different kinds
of HEs are basically at the identical wavelength due to the same
element composition, while the emission intensity varies
greatly. This means that laser-induced plasmas of different
HEs contain the same kind of particles, whereas the number
of particles is very different. It has been proved that the LIPS
spectra of explosives induced by pulsed laser reflect the number
of different types of atoms, ions and other particles in the laser-
induced plasma which is considered as “micro explosion”, and
these particles are intrinsic to the electron transfer mechanism,
elemental composition, oxygen balance, thermal properties
and other factors of explosive. Coincidentally, these factors
happen to be the key indicators affecting the sensitivity
of explosives. Therefore, LIPS spectra may contain immense
hidden information of sensitivity.>® 10 spectral lines from the
main emission particles of the laser-induced plasma are
selected from 12288 spectral variables as part of the target
features. To study the effects of benzene and tetrazole rings,
LIPS spectra of eight kinds of energetic tetrazole ring-based
organic high-nitrogen compounds and eight kinds of benzene
ring organics are also collected (Fig. S4, ESIT). Theoretically,
since sensitivity and the intrinsic structure of atoms and
molecules are inseparable, 13 calculated atomic and molecular
custom descriptors by virtue of RDKkit library are chosen.
Histograms and probability density distribution of target
features of all data sets are shown in Fig. S5 (ESIt). It reflects
the great differences that exist between LIPS spectral features
and descriptor features of different samples, and the correla-
tion between the above features is not significant (Fig. S2, ESIT).
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Fig. 2 LIPS spectra and molecular structures of HEs utilized in this work.
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Data visualization is often essential to design a good
machine learning model. Due to nonlinear correlation between
target features, a nonlinear dimensionality reduction algorithm
named t-SNE is adopted. Fig. 3 shows the t-SNE plots of targets
features of different sensitivity categories in the order of impact
sensitivity, friction sensitivity, electrostatic sensitivity and laser
sensitivity. In this figure, red clouds root in the HEs that are
sensitive to certain external stimuli, on the contrary, blue
clouds represent samples that are insensitive to certain external
stimuli. The first point to note is that data points of each
sample are gathered in a specific position in the low-
dimensional space, but the samples with high sensitivity and
low sensitivity cannot be simply separated linearly. Therefore,
RF algorithm, which is a commonly used nonlinear algorithm,
is employed to construct classification tasks.

3.2. Machine learning classification

Since its development by Breiman, RF has become a well-
established supervised machine learning technique and is known
to perform well for medium to large size data sets, while having
only minimal requirements on data type and feature correlation.*®
In this work, four sensitivities related binary classification tasks are
established by RF, which are impact sensitive samples (samples
with high sensitivity) vs. impact insensitive samples (samples with
low sensitivity), friction sensitive samples (samples with high
friction sensitivity) vs. friction insensitive samples (samples with
low friction sensitivity), electrostatic sensitive samples (samples
with high electrostatic sensitivity) vs. electrostatic insensitive sam-
ples (samples with low electrostatic sensitivity), and laser sensitive
samples (samples with high laser sensitivity) vs. laser insensitive
samples (samples with low laser sensitivity). To address the issue
of uneven sample quantity in a binary classification task, a data
extraction strategy is cleverly proposed as described in the Materi-
als and methods section and Fig. S1 (ESIt). The RF models are
trained using 23 target features as input with the dominating
model parameters n_estimators = 201 and max_features = 10. It

E3: RDX

E6: TATB

E8: DNAN

600 800
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Fig. 3 T-SNE plots of target features of different sensitivity categories. (a) Red clouds: impact sensitive (impact sensitivity <40 J) and blue clouds:
impact insensitive (impact sensitivity >40 J). (b) Red clouds: friction sensitive (friction sensitivity <360 N) and blue clouds: friction insensitive (friction
sensitivity >360 N). (c) Red clouds: electrostatic sensitive (electrostatic sensitivity <1200 mJ) and blue clouds: electrostatic insensitive (electrostatic

sensitivity >1200 mJ). (d) Red clouds: laser sensitive (laser sensitivity <70 J cm™

means that a small segment of features (< 10) is randomly selected
to build a decision tree. After bootstrap sampling of the original
training set, 201 decision trees are constructed. The final RF model
and prediction results are obtained by voting or averaging. And
then randomly divided validation set data are applied to check the
accuracy of the training model. Following this, the prediction data
could be recognized quickly through using the final RF model. As
can be seen from the confusion matrix figures of the prediction
results by using the well-trained classification models of impact
sensitive, friction sensitivity, electrostatic sensitivity and laser
sensitivity (Fig. 4), all of the predicted samples are accurately
identified into their respective sensitivity categories with the
classification accuracy of 100% as we expected.

3.3. Machine learning interpretation

For deeply explaining the ML model and analyzing the key
features that influence different sensitivities, multiple strate-
gies are adopted comprehensively, including SHAP framework,
feature importance and feature visualization. Considering the
impact sensitivity model as an example, the overall feature
importance analysis is exhibited in Fig. 5. From the mean SHAP
values of different classes shown in Fig. 5a, it can be concluded
that Mlog P, OB and density are the most influential factors in
impact sensitivity. Moreover, the spectral intensities of C, and
CN occupy a large percentage as well. Fig. 5b shows the definite
SHAP value of the top 10 influential features. It can be seen that
impact sensitivity is inversely proportional to MlogP, C, and
CN. However, it is positively correlated with OB. To further
intuitively investigate the reliability of feature analysis, feature
importance is derived from the RF model as shown in Fig. 5c.
The results of the interpretation of the RF model by the two
methods are basically the same, only a little difference exists in
the descriptor of density. Ultimately, Mlog P, OB, C, and CN are
considered as the most important features. Sample data dis-
tribution in the feature space of Mlog P and OB, C, and CN are
arranged in Fig. 5d and e, respectively. There is sufficient

© 2024 The Author(s). Published by the Royal Society of Chemistry
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Fig. 4 Confusion matrix figures of prediction results. (a) Impact sensitivity.
(b) Friction sensitivity. (c) Electrostatic sensitivity. (d) Laser sensitivity.

evidence to show that HEs with high (sensitive) or low (insen-
sitive) impact sensitivity can be easily distinguished in the
feature space of Mlog P and OB, whereas there is some overlap
in the spectral space of C, and CN. It’s worth noting that NTO
mixed with insensitive materials has a relatively lower impact
sensitivity in comparison with other sensitive HEs, such as
CL-20 and HMX. All the findings clearly prove the fact that the
impact insensitive HEs tend to have a higher level of MlogP, a
lower level of OB, and more intense emission intensities of C, and
CN in the laser-induced plasmas compared to those with high
impact sensitivity. The above results can be interpreted as follows:
(i) the laser-induced plasma radiation intensity, especially the
molecular emission bands like C, and CN, is usually weaker in
samples with higher impact sensitivity as reported before.** This

Mater. Adv,, 2024, 5, 3921-3928 | 3925
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Fig. 5 Feature importance analysis of impact sensitivity classification model. (@) Mean SHAP value analysis of the training data set samples and the RF
model. (b) SHAP analysis of the training data set samples and the RF model. (c) Feature importance directly reduced from the RF model. (d) Sample data
distribution in the custom operator feature space of Mlog P and OB. (e) Sample data distribution in the spectral feature space of C, and CN.

is because HEs with higher sensitivity are more likely to undergo
chemical reactions under external impact stimuli, that is, the
molecular dissociation in the laser-induced plasma is more
thorough, and a large number of particles participate in non-
radiative chemical reactions rather than radiative transitions, so
weaker radiation intensity is observed. Nevertheless, a large
number of excited particles in the laser-induced plasma of
insensitive explosives are likely to return to the ground state
and radiate photons instead of attending to chemical exothermic
reactions. On the other hand, the excitation temperature of laser-
induced plasma of insensitive explosives is lower, which will be in
favor of the molecular formation.*! (ii) The amino, nitro and other
explosive groups of sensitive explosives are conducive to hydrogen
bond formation and the degree of functional group ionization is
large, which are beneficial to their hydrophilicity, so MlogP is
negative and the liposolubility is poor. In addition, chemical
compounds with benzene rings as the basic skeleton are usually
more liposoluble and have a lower proportion of oxygen, i.e. high
Mlog P and lower OB. It is not difficult to find that the impact
insensitive HEs always contain benzene rings such as TNT, TATB
and DNAN, as is demonstrated in Table 1 and Fig. 2. Therefore,
we infer that the molecular structure-benzene ring—may have
explained why some HEs studied in this work are insensitive to
impact. It is assumed that external impact stimulus may be
transformed into electron delocalization inside the benzene ring
owing to the existence of a m bond, which plays a role in buffering
the external energy injection, improving the molecular stability
and reducing the molecular impact sensitivity.

For the purpose of proving the influence of the benzene ring
structure on impact sensitivity, eight kinds of energetic tetra-
zole ring-based organic high-nitrogen compounds and eight
kinds of benzene ring organics are added to HEs, and two
additional classification tasks are constructed after expanding
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the sample size, that is, with benzene rings vs. without benzene
rings and with tetrazole rings vs. without tetrazole rings
(Table S5, ESIt). The results of their model predictions and
interpretations are shown in Fig. S6 and S7 (ESIt). Evidently,
Mlog P and OB are key features for distinguishing whether the
sample contains a benzene ring, while OB, MolWt and NumVE
are pivotal features in determining tetrazole rings. It reflects
that the benzene ring structure may contribute to reduce the
sensitivity of the explosives to external impact loading. Feature
importance analysis of other sensitivity classification models
such as friction sensitivity, electrostatic sensitivity and laser
sensitivity are shown in Fig. S8-S10 (ESIt). These figures lead us
to the conclusion that MinPC, Al, emission intensities of C, and
CN are dominant features for identifying the friction sensitivity
level of HEs. Partial atomic charges can be used to quantify the
degree of ionic versus covalent bonding. The strength of
chemical bond is closely related to the activity of chemical
reaction. The weaker the bond, the stronger the chemical
reaction. Therefore, MinPC is the minimum value of an atomic
charge, which is related to chemical reactivity and electrostatic
interaction between atoms. A higher value (lower negative
charge) of MinPC means lower chemical reactivity, so external
electrostatic application may lead to a concentration of injected
energy or stress, making the material easy to be ignited or
detonated. Al mentioned in this paper is denoted as the ratio of
the number of aromatic atoms to the total number of atoms. As
one of the evaluation indicators of aromaticity, the AI ranges
between 0 and 1.** The closer the aromatic index is to 1, the
more aromatic and stable the molecule is, and the more
insensitive to friction loading on the compound. Besides, there
is a gradual decline of electrostatic sensitivity with the increase
in OB and decrease in Balaban], which is a “topological shape”
of molecules or of molecular fragments J to be known as a

© 2024 The Author(s). Published by the Royal Society of Chemistry
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Table 2 Summary of the most important influencing factors of different sensitivities

Factors (features) Impact sensitivity

Friction sensitivity

Electrostatic sensitivity Laser sensitivity

MlogP 1
OB 1

Low (insensitive) —
High (sensitive) —
Cy 17 Low (insensitive)
CN 1 Low (insensitive)
MinPC 1 —

AL 1 —

Balaban] 1 — —
NumVE 1 — —
NumRB 1 — —

useful tool for quantitative structure-activity relationships
proposed by Balaban.*® The negative association between elec-
trostatic sensitivity and OB is consistent with our previous
findings.>® Furthermore, NTO, which is the only laser-
insensitive, high-energy material observed in our experiments
has the lowest number of valence electrons, the lowest amount
of rotatable chemical bonds and the highest aroma index. The
related intrinsic mechanism still needs further research
because of the limited number of HEs in this work.

For clarity, all the above results are summarized in Table 2. We
found that molecular dependent features play a more important
role in sensitivity analysis than atomic dependent features. It is
noticeable that the emission intensities of C, and CN only have a
significant effect on mechanical sensitivity, i.e. impact sensitivity
and friction sensitivity. It is reasonable to speculate that the degree
of molecular dissociation and electron distribution has a great
influence on the mechanical sensitivity of energetic molecules
when they suffer from external impact or friction. It is also worth
to point out that some of the atomic and molecular descriptors
depended on the atomic and molecular structure combined with
LIPS spectra may be a critical means to study the sensitivity
mechanism and promote the quantitative analysis of sensitivity.

4. Conclusions

In this work, an interpretable-machine-learning frame was
developed and applied to guide the discovery of dominant
intrinsic factors of sensitivity of HEs. First, LIPS spectra were
recorded using our homebuilt apparatus, and atomic and
molecular custom descriptors were calculated based on the
molecular structure. Then, all the atomic and molecular custom
descriptors and main intensities of main atomic and molecular
radiation lines were picked out and used in RF classification
models to predict the class of different sensitivities, including
impact sensitive vs. impact insensitive, friction sensitive vs.
friction insensitive, electrostatic sensitive vs. electrostatic insen-
sitive, and laser sensitive vs. laser insensitive. Finally and fore-
most, SHAP framework and feature importance analysis from RF
model were considered comprehensively for feature importance
analysis to explore the dominant intrinsic factors of sensitivity of
HEs. The primary conclusions of this work are summarized as
follows:

(i) When the molecule contains benzene rings, it is easily
soluble in non-polar solvents with high Mlog P, and the OB is

© 2024 The Author(s). Published by the Royal Society of Chemistry

High (sensitive) —

Low (insensitive) — —
Low (insensitive) — —
High (sensitive) — —
Low (insensitive)

Low (insensitive)
Low (insensitive) —
— High (sensitive)
— High (sensitive)

very negative, which is beneficial in reducing the impact
sensitivity.

(ii) HEs with a dull sense of friction typically have a lower
MinPC (more negative charge) and high aromaticity, which
help convert external friction into intramolecular charge trans-
fer and alleviate sensitivity.

(iii) For HEs that are not sensitive to mechanical stimula-
tions including impact and friction, particles in their laser-
induced plasma are prone to participate in radiative transitions
instead of exothermic chemical reactions, resulting in brighter
plasmas and higher radiation intensity, especially molecular
emission.

(iv) Electrostatic sensitivity is found to be highly correlated
with Balaban] and OB. This indicates that the different reac-
tions of HEs to electrostatic sparks seem to be closely tied to
their topological structure and atomic composition.

(v) NTO, the only sample that is insensitive to 1064 nm laser
pulses among the 9 types of HEs studied in this paper, has the
lowest NumVE and NumRB, as well as the highest Al

It should be noted that any kind of sensitivity is the result of
a combination of indexes, including but not limited to the
indicators investigated in this work. But all the above findings
involved herein are expected to in principle facilitate the
understanding of sensitivity and richen the insight into the
nature of sensitivity with little sample consumption and low
computational complexity. The analysis framework proposed
here does not rely too much on prior domain knowledge and is
therefore compatible with the study of the properties of other
materials.
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