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Bistetrazole-based compounds are novel high-nitrogen energetic molecules that have garnered attention
in recent years. They possess a higher energy density and lower sensitivity, and are less challenging to
synthesize than complex cage-like molecules. This study employed a molecular auto-generation
mechanism to generate 35322 bistetrazole-based molecules with 20 bridgeheads and 29 side
substituents. A combination of quantum chemical calculations and machine learning models was used to
sequentially screen the molecules based on their oxygen balance index, synthesis difficulty, density, and
detonation pressure, thus rapidly narrowing the search scope. Three bistetrazole-based energetic
molecules with high potential were identified. The theoretical enthalpy of the formation of the designed

Received 5th March 2025 molecules was as high as 854.76 kJ mol™! and their detonation velocity reached 9.58 km s~%. Further
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calculations also demonstrated that these molecules have better
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1 Introduction

Energetic materials are a special class of active substances that
can release energy through intense redox reactions when
stimulated externally. Such materials have significantly
contributed to human progress and prosperity, and they are
widely used in developing natural resources, mining, demoli-
tion, rocket launches, and other fields. Energy, sensitivity, and
density are the three characteristics of energetic materials most
focused on." However, there is always a contradictory and
restrictive relationship between them. Generally, the high
energy of energetic materials is always accompanied by
increased sensitivity and density.> Therefore, developing new
energetic materials simultaneously possessing high energy, low
sensitivity, and higher density remains a considerable
challenge.

Over the past two hundred years, chemists have developed
and widely used only a few high-performance energetic mole-
cules such as trinitrotoluene (TNT), nitroglycerin, cyclotetra-

methylene tetranitramine (HMX),
cyclotrimethylenetrinitramine  (RDX), and 2,4,6,8,10,12-
hexanitro-2,4,6,8,10,12-hexaazaisowurtzitane (CL-20).>* The

development of energetic molecules has progressed from blunt-
type to cage-type nitro compounds to high-energy nitrogen-rich
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macroscopic stability than

trinitrotoluene, making them promising candidates for practical applications in developing energetic

molecules. The currently used highest-performance energetic
molecule, CL-20, is a typical caged nitrogen-rich energetic
compound. However, synthesizing cage molecules is relatively
tricky, requiring precious metal catalysts like palladium,®®
significantly increasing the synthesis cost. High-nitrogen
compounds have attracted widespread attention from
researchers in recent years due to their ease of synthesis and
environmentally friendly explosive products.” Modulated ener-
getic ionic salts and high-nitrogen heterocyclic compounds
have been developed. Bistetrazole-based energetic molecules
have received attention due to their simple structure, high
energy density, and low sensitivity. The bistetrazole-based
skeleton has two tetrazole rings, providing good conjugation
performance and being combined with good high-energy
groups. Dihydroxylammonium 5,5'-bBistetrazole-1,1'-diolate
(TKX-50)'*"" is one of the representative molecules. Therefore,
constructing new energetic molecules based on the bistetrazole-
based structure has become necessary in developing energetic
materials.*®*

Traditional development of energetic molecules depends on
experienced chemists designing molecular structures and con-
ducting synthesis verification. This process is fraught with
explosion riskshighly, and many of the reagents used are toxic,
so chemists have always tried to find and predict high-
performance energetic molecules from a theoretical design
perspective to reduce the dangers of developing energetic
molecules. Empirical models used to guide the design of ener-
getic materials have been developed, such as the Kamlet-
Jacobs® equation for predicting detonation properties and the
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nitro group charge method (NGCM)*' for predicting mechanical
sensitivity. With subsequent improvements, quantum chemical
calculation methods have been able to predict some electronic
properties and performance of energetic materials. However,
these empirical models are rarely used for large-scale pre-
screening of energetic materials before experimental synthesis
due to the considerable time and money costs associated with
quantum mechanical calculations. For a long time, the
discovery of new energetic materials has heavily relied on
scientific intuition through experimental and traditional trial-
and-error processes, which are inefficient, have a small
screening range, and are highly uncertain.

With the advent of the big data era, the research paradigm of
energetic materials has wundergone profound changes.
Compared to empirical models, machine learning models
usually have various advantages in accuracy, generalizability,
and handling nonlinear problems and are, therefore, widely
used in various fields of materials science. However, simulta-
neously, the accuracy of machine learning models highly
depends on collecting a large amount of effective data.
However, in the field of energetic materials, due to the complex
synthesis process, high safety risks, and military secrecy
involved, the publicly available data are limited and not highly
reliable. This results in the trained machine-learning models
being inaccurate or limited to molecules with specific features.

Here, we demonstrate a high-throughput virtual screening
method that combines domain knowledge, existing machine
learning models, and quantum chemical calculations to accel-
erate the discovery of new bistetrazole-based energetic mate-
rials with well-balanced energy safety properties. This method
quickly screens promising target molecules from 35322
exhaustively generated molecular structures. The screened
compounds also have higher energy density, lower sensitivity,
and better detonation performance. After further evaluating the
feasibility of the synthesis, we provide possible synthesis
schemes for the relevant compounds. These findings demon-
strate the effectiveness of the proposed method and the great
potential of applying quantitative calculation methods in the
pre-screening design of high-performance energetic materials.

2 Experimental and computational
section
2.1 Generation of molecules to be screened

In order to use a heuristic exhaustive method to expand the
chemical space of molecules to be screened, we collected
structures of energetic materials containing tetrazole structures
from the literature over the past decade and extracted 29
common high-energy groups as side groups in the tetrazole
structure. At the same time, we identified 20 common bridging
groups from the reviewed energetic materials as linking groups
and connected these groups with two types of tetrazole rings.
Using a Python script based on the RDKit software package, the
29 high-energy groups, 20 bridging groups, and 2 types of bis-
tetrazole rings were exhaustively combined into SMILES repre-
sentations. The SMILES data cleaning process consists of two
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parts: one involves SMILES data that cannot be read by RDKit,
which are considered to represent unreasonable molecular
structures and are excluded; the other part involves removing
duplicate SMILES strings.**** After cleaning, it was found that
all 35322 generated SMILES were readable by RDKit with no
completely identical duplicate SMILES. Therefore, we retained
this dataset of molecules for subsequent screening.

2.2 Virtual screening process

The key to the entire high-throughput virtual screening method
lies in the logical arrangement of the sequence in which
molecular properties are predicted. By first calculating the
properties that require less computational time, we can quickly
reduce the number of molecules for subsequent screening. This
reduction in number decreases the computational load for
later, more precise, and time-consuming calculations, thereby
ensuring computational accuracy while increasing speed.

Utilizing previously cleaned molecular structure data, we
first calculate each molecule's zero oxygen balance index (OB)
using a Python program, selecting those with an OB between
—0.25% and 0.25% for the next screening step. OB is a value
that measures whether the oxygen content in an explosive is
balanced with the oxygen required to completely oxidize the
combustible elements. The data that meet the zero oxygen
balance criteria are then evaluated for synthetic difficulty using
the Synthetic Bayesian Accessibility (SYBA)** model based on
functional groups and skeleton structures. In SYBA, a positive
score indicates an easily synthesizable molecule, while a nega-
tive score indicates difficulty in synthesis, with larger numerical
values representing lower synthetic difficulty. We select mole-
cules with a SYBA score greater than 0 for further screening.
After this initial screening, the number of molecules is reduced
from 35322 to 600. The molecular data from the initial
screening, represented in SMILES format, is converted into
“.sdf” files through the RDkit platform. A Python program is
then written to convert these “.sdf” files into submission files
for Gaussian 16 software, where batch computations are
submitted using DFT*>** methods at the B3LYP/6-31G** level
for molecular structure optimization and frequency calculation
tasks. Using the optimized chemical structures, the Multiwfn*
program reads the computation results and automatically
calculates the density values and electrostatic balance parame-
ters v, a measure of the balance between positive and negative
regions. Those with a density value**-° greater than 1.90 and an
electrostatic balance parameter (v) greater than 0.195 are
selected for the next round of more accurate screening,
reducing the data to 41 molecules.

Furthermore, we submit these 41 geometrically optimized
structures for another round of geometric optimization and
frequency calculation tasks in Gaussian 16 at a higher accuracy
level using B3LYP/6-311G**.3'%> We also use the G4 (ref. 33)
method combined with the B3LYP/Def2-TZVP basis set level to
calculate energy, successively computing the enthalpy of
formation (HOF), the heat of detonation (Q), detonation pres-
sure (P), and detonation velocity (D) of these molecules.'***** By
analyzing the predicted performance data, we identify three

© 2025 The Author(s). Published by the Royal Society of Chemistry
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bistetrazole-based nitrogen-rich energetic molecules promising
for laboratory synthesis, with high density, high energy, and
good stability. We also predict their synthetic routes and elec-
tronic structures.’” A Dell 7920T tower workstation equipped
with two Gold 6238R CPUs and 192GB of RAM was used during
the calculations. The generation and initial screening of the
energetic molecules took about 30 minutes; the secondary
screening involved DFT calculations at the B3LYP/6-31G** level
for structural optimization and frequency analysis of 612
molecules, combined with density calculation formulas to
compute molecular density and electrostatic balance parameter
(), taking about two weeks for batch submission of computa-
tion tasks. Finally, the higher precision calculation and
performance prediction for the selected 41 molecules took one
week.

3 Results and discussion
3.1 High-throughput virtual screening method

The entire methodology flow is shown in Fig. 1.

In this high-throughput virtual screening method, eight
properties of candidate molecules were evaluated to screen for
suitable energetic molecules. These properties include the
oxygen balance index (OB), SYBA scores, density, electrostatic
balance parameters (v), the enthalpy of formation (HOF), heat of
detonation Q, detonation pressure P, and detonation velocity D.
The formulas or methods used to calculate the properties above
are elaborated in detail in the ESI (p4-p7).t

In generating energetic molecules, 20 bridging groups, 29
high-energy groups, and two tetrazole rings were utilized.
Through exhaustive group combination, 35322 molecule
SMILES codes were generated in only 1 hour, which far exceeds
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the speed of manual molecular design (corresponding data are
given in Table S1 in the ESIY).

The preliminary screening data following the OB is shown in
Fig. 1. The screening process for OB took 120 seconds and
resulted in 612 molecules that met the criteria, reducing the
number of molecules to be screened by 34 710. It significantly
reduces the computational workload for subsequent steps.
Although few molecules are near the OB = 0 position, selecting
molecules with a high OB means that the designed energetic
materials can oxidize more completely during detonation,
potentially providing better performance.

The machine learning model of SYBA, based on a Bernoulli
Naive Bayes classifier, can quickly rank large molecular data
sets. Subsequently, the SYBA model was used to screen for the
synthetic difficulty of the molecules, taking 1.5 hours. The data
shows that most of the selected molecules are defined by the
SYBA model as easy to synthesize. The distribution of synthetic
difficulty between the two types of tetrazole rings is not
completely consistent, with slightly more molecules defined as
challenging to synthesize in the category with an ortho position
nitrogen substitutable.

By eliminating molecules with a SYBA score below zero, 600
remaining molecular structures (corresponding data are given
in Table S2 in the ESIt) were input in batches into Gaussian 16
software for optimization to obtain rational chemical structures
and energy calculations, predicting density and electrostatic
balance parameters (v). At this stage, computational time
increases noticeably. However, with 34 722 fewer molecules
than the initial 35 322, the computation time is relatively short
since these two properties do not require high precision basis
sets. The results of the secondary screening are shown in Fig. 2.

In Fig. 2, the vertical axis represents molecular density, and

the horizontal axis represents the sensitivity-related
Rf Big database
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, data pionts
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% E> |OB|<2.5 v>0.195 D&HOF |:> "\\N/T T\,;/"

~35322 ~600

Fig. 1 High-throughput virtual screening flowchart.
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electrostatic balance parameters (v). From the data distribution,
most molecules have a predicted density greater than
1.9 g cm ™, proving that our previous strategy was effective.
However, the prediction method for density is highly dependent
on the structure. Subsequent use of high-precision calculation
methods will make the structure more rational and the pre-
dicted density data more accurate. The secondary screening
primarily uses the electrostatic balance parameters (v) as
a reference, selecting molecules with more uniform electron
distribution and more stable structures.

After the secondary screening, the number of molecules was
reduced from 600 to 41 (Fig. 3). These 41 molecules were input
into Gaussian 16 software for higher precision calculations. The
results, combined with empirical formulas for detonation
performance and enthalpy of formation energy data, are used
for deeper screening (Fig. 4 and 5). This step takes the longest
time, averaging 3 hours per molecule. The optimized structures,
molecular formulas, and corresponding data of the 41 mole-
cules that entered the deep screening are shown in Table S4.}

3.2 Comparison between designed molecules and reference
molecules

The performance of three designed molecules was compared
against four well-known energetic molecules, TNT, RDX, HMX,
and CL-20, using them as reference molecules.

As demonstrated in Fig. S1 and Table S3,f the quantum
chemical calculation methods employed for predicting the
properties of the four classic energetic molecules resulted in
outcomes that did not significantly deviate from the measured
values. Furthermore, the overall trends observed for the four
molecules were consistent. Thus, the predicted results are
considered reasonable within an acceptable error range. The
prediction closest to experimental values was the molecules’
solid enthalpy of formation (HOF), with an average deviation of
1.51 kJ mol*, consistent with experimental results and less
than 6.87% off. The detonation velocity (D) also showed
minimal deviation, with an average difference of 0.2 k] mol .
The calculations showed a relatively larger deviation for the CL-
20 molecule. The comparison results for density and detonation
pressure (P) showed the largest relative error, but the absolute
deviation was not significantly different from other molecules.
These results show that the chosen calculation methods and
high-precision basis sets are reasonable and feasible for pre-
dicting molecules’ density and detonation pressure. Therefore,
the calculated values can screen out molecules with lower
density and detonation pressure. The final three molecules
screened were molecules #7, #22, and #33. The properties of the
4 reference and 38 design molecules are shown in Table S5.7

3.2.1 Density. The density comparison chart of the 41
molecules after the secondary screening, as shown in Fig. 5a,
uses the calculated density of 1.913 g cm ™ of CL-20, the highest
among the four reference molecules, as a benchmark for
selection. More than half of the predicted densities of the
molecules exceed this value, indicating that the candidate
molecules designed and selected already possess relatively high
densities. Additionally, an analysis of the structures of the 38

RSC Adv, 2025, 15, 11645-11654 | 11649
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molecules revealed that the number of nitro groups and the
bridging group connecting the two tetrazole rings significantly
affect the predicted density. Molecules with more nitro groups
have greater densities, mainly because converting polycyclic
carbon rings into polycyclic nitrogen heterocycles leads to
a decrease in density for general energetic molecules.®***
Introducing more nitro groups can effectively increase the
material's density. However, an increase in the number of nitro
groups also decreases the stability of the energetic materials
and increases their sensitivity, turning the designed energetic
molecules into highly sensitive and dangerous materials that
are difficult to synthesize and use. Moreover, we observed that
molecules with overly long bridging groups between tetrazole
rings also have lower predicted densities. This is because longer
bridging groups occupy more volumetric space and, due to
steric hindrance, do not result in high densities. The three
selected molecules conform to the conclusions drawn above:
molecule #7, with a long bridging group and fewer nitro groups,
resulting in the lowest density; molecule #22, with more nitro
groups, a medium-length bridging group, and the presence of
conjugation, making it more stable and having the highest
density; and finally, molecule #33, which, despite having fewer
nitro groups, has a very short bridging group, occupying less
volumetric space, and achieving a relatively high predicted
density.

3.2.2 Sensitivity. In this study, during the selection of
candidate molecules, we screened for molecules with higher
mechanical stability using the electrostatic equilibrium
parameter ». After selecting the candidate molecules, the anal-
ysis of molecular sensitivity is divided into two parts. For
molecular mechanical stability, we considered properties such
as the » and ESP_Max value; for thermal stability, we mainly
considered the BDE value and values calculated by the nitro
charge method. The electrostatic balance parameter v can
characterize whether the charge distribution within the mole-
cule is uniform; the closer the value is to 0.25, the more uniform
the charge distribution, the better the stability, and the lower
the mechanical sensitivity. According to the 38 selected
molecular structures and 4 traditional molecules, the predicted
results showed that the » increased from CL-20 to TNT, indi-
cating increasing stability.*® Among the three selected mole-
cules, #7 showed the best stability, followed by #33 and #22
being the last. All three had values were higher than the refer-
ence line set by the predicted value of TNT. Less than half of the
38 molecules exceeded this reference line. The molecules with
higher densities have poorer stability and smaller ». The three
selected molecules also followed this rule. Factors affecting
density are also crucial for molecular stability. Molecules with
more nitro groups have poorer stability but higher density. The
longer bridging group connecting the tetrazole rings leads to
lower density and better stability. From these two performance
predictions, finding the right high-energy, low-sensitivity ener-
getic materials and balancing density and stability is important.

The weakest bond dissociation energy, the nitrocharge
method, and the corresponding reaction kinetics simulation
can analyze the thermal stability of the molecule and corre-
spond one-to-one. In addition, the molecular macroscopic
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stability, or mechanical sensitivity, is related to the molecular
surface charge distribution, the maximal ESP analysis, etc., and
the HOMO-LUMO gap energy reflects the molecular reactivity
and macroscopic stability.>***»** The discussion of energy-
containing material stability is broad in scope, encompassing
three aspects: thermal sensitivity, mechanical sensitivity, and
electrostatic sensitivity. In the case of molecules, the general
macroscopic stability is initiated by the overall electron distri-
bution of individual molecules, such as » and maximum ESP
values, which reflect the mechanical sensitivity of the energy-
containing molecule. Concurrently, the local nitro energies of
bond-breaking energy and nitro charge reflect thermal stability
related to the thermal decomposition temperature. The nitro
charge method and the nitro connected to the atom on the nitro
charge have a significant impact. The nitro charge is generally
positive when connected to the oxygen atom. However,
a different situation arises when connected to the C, N, and O
atoms.**** For the N atom or C atom connected to the case, the
overall display of the negative charge depends on the position of
the C and N atoms relative to the benzene ring and the aliphatic
ring. The connecting atoms determine the ability to donate
electrons. However, when the O atom is connected to the nitro
charge, the nitro energy is reflected in the thermal stability and
thermal decomposition temperature. In this case, the charge of
the nitro group connected to the O atom will be negative overall.

The thermal stability of a molecule can be predicted by
calculating its bond dissociation energy (BDE). A lower BDE of
the weakest bond indicates lower thermal stability and a lower
thermal decomposition temperature.

Similarly, the mechanical stability of a molecule can be
evaluated based on its electronic distribution, such as the
electrostatic equilibrium parameter or the maximum electro-
static potential (ESP) value. These parameters serve as indica-
tors of mechanical sensitivity, where a larger electrostatic
equilibrium parameter and a lower maximum ESP value corre-
spond to improved mechanical stability.

A detailed analysis of the electrostatic potential distribution
of three molecules was conducted (ESI Section 9, Fig S2-47). In
terms of the distribution of positive and negative potential
regions, the positive potential region of molecule #7 accounts
for approximately 57% of the total area, while for molecules #22
and #33, the positive potential regions account for approxi-
mately 62% and 67%, respectively. Based on this data, molecule
#7 has a smaller proportion of positive potential area and
a larger v value, indicating better overall mechanical sensitivity.
As for the average values of positive and negative potentials, for
molecules #7, #33, and #22, the average of the positive potential
region gradually increases, while the » value decreases corre-
spondingly. Overall, in the electrostatic potential distribution of
the molecules, the larger the average positive potential and the
greater the proportion of the positive potential region, the worse
the mechanical stability of the molecule.

3.2.3 Synthesis difficulty. The synthesis difficulty in this
paper uses the SYBA training model to score molecules and
determine synthesis difficulty. The higher the score, the easier
the synthesis of the molecule. This part of the SYBA model
prediction mainly relies on functional groups and partial

© 2025 The Author(s). Published by the Royal Society of Chemistry
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fragment information and does not consider overly complex
chemical environments, indicating that improvement is needed
in predicting the synthesis difficulty of complex molecules. The
three molecules we ultimately selected were not the ones with
the lowest synthesis difficulty, but were chosen based on
a combination of energy performance, density, and stability.
The chosen molecules #7, #22, and #33, although not having
very high SYBA scores, are defined by the model as easy to
synthesize, with SYBA scores higher than those for HMX and
RDX, indicating good prospects for synthesis in the laboratory.

3.2.4 Enthalpy of formation. For energetic materials, it is
generally believed that a high enthalpy of formation suggests
that more energy can be released during an explosion.
Comparing the calculated and experimental values of the
reference molecules, our calculation method consistently pre-
dicted the solid-state enthalpy of the formation for the mole-
cules. Using the enthalpy of formation of CL-20 as a reference
line, we found that the predicted enthalpies of formation of all
38 designed molecules were higher than the reference value, but
the enthalpies of formation varied from molecule to molecule,
and the results showed that in general, the higher the number
of atoms the higher the HOF of the molecules. The selected
molecules #7, #22, and #33 all belonged to the higher category.

3.2.5 Detonation performance. Detonation performance
includes heat of detonation (Q), detonation pressure (P), and
detonation velocity (D). The prediction method is reliable when
comparing the four reference molecules' detonation pressure
and velocity data.*»*® Detonation pressure and velocity are
important performance metrics in actual experimental data. We
considered the overall detonation performance, selecting
molecules with excellent characteristics as the final design
molecules. We then compared the data for all 38 molecules.
Among the detonation performance metrics, the most signifi-
cant difference was observed in the heat of detonation, while
the basic trends for all molecules’ detonation pressure and
velocity was consistent. For the heat of detonation, the heat
released during an explosion depends on whether the molecule
can be completely oxidized; in practice, the detonation power is
judged by the detonation pressure and velocity data. Among the
three selected molecules, #22 and #33 had heat of detonation
values close to CL-20, but both had higher detonation pressure
and velocity values, and molecule #7 exceeded CL-20 in all three
detonation performance metrics. These energy data values
validate the effectiveness of the zero oxygen balance screening;
molecules with an oxygen balance index close to zero oxidize
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more completely, and theoretically, the heat of explosion is
higher when completely oxidized.

3.3 Further analysis of candidate molecules’ performance

3.3.1 Maximum electrostatic potential. For energetic
materials, it is generally believed that the more uniform the
electron distribution, the better the stability, especially for
materials with conjugated structures. Such materials with good
stability tend to have a minimal value of electrostatic potential.
When comparing the maximum electrostatic potentials of
energetic molecules, the larger values indicate less stability.
Data from the reference molecules show that molecule #7 is the
most stable, with a maximum electrostatic potential close to
that of TNT. Molecules #22 and #33 have similar values, with
#22's maximum electrostatic potential being greater than that
of CL-20. This may be due to #22 having a trinitromethyl group,
where three nitro groups attached to a single carbon atom lead
to a large accumulation of charge, increasing the maximum
electrostatic potential. Experimental results reveal an overall
positive correlation between the impact sensitivity and shock
sensitivity values of the reference molecule and its corre-
sponding electrostatic equilibrium parameter, further sup-
porting this relationship (the data are presented in Table S77).

3.3.2 Bond dissociation energy. Bond dissociation energy
represents the enthalpy change associated with breaking the
weakest chemical bonds within a molecule and can intuitively
reflect the thermal stability of energetic molecules. Calculated
bond dissociation energies for the four reference molecules and
the three designed molecules are shown in the table below
(Table 1).

The data clearly show that bond dissociation energies gradu-
ally increase from CL-20 to TNT, indicating enhanced structural
stability. By comparing the bond dissociation energy, nitro
charge, and thermal decomposition temperature of the reference
molecule, along with the calculated BDE and nitro charge values
for molecules #7, #22, and #33, the following conclusions can be
drawn: molecules #7 and #33, which contain the O-NO, bond,
exhibit lower BDE values than the reference molecule, indicating
reduced thermal stability. Consequently, their thermal decom-
position temperatures are unlikely to exceed 200 °C, the decom-
position temperature of the reference molecule. In contrast,
molecule #33 has a BDE and nitro charge value similar to those of
the reference molecule, suggesting comparable high thermal
stability (the data are presented in Table S67).

Table 1 Comparison of the properties of the reference and pre-selected molecules

CL-20 HMX RDX TNT #7 #22 #33
Density (g cm ) 1.913 1.781 1.753 1.635 1.884 1.999 1.944
v 0.059 0.136 0.172 0.202 0.241 0.213 0.221
Qg™ 6.561 6.28 6.341 5.396 7.015 6.362 6.551
D (km s™Y) 9.186 8.745 8.67 6.957 9.419 9.586 9.437
P (GPa) 38.78 33.7 32.81 20.23 40.43 43.3 41.32
SYBA 1.26 2.08 2.08 34.53 9.93 7.69 16.08
ESP_Max (kJ mol ™" e™%) 266.14 235.14 206.35 163.85 169.83 286.06 258.74
BDE (kJ mol %) 165.79 190.59 171.25 259.96 55.74 53.03 122.81
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The prediction of thermal stability for energetic molecules
can be approached from the bond dissociation energy (BDE)
and predicted thermal decomposition temperature. The exper-
imentally obtained thermal decomposition temperature can
intuitively reflect the thermal stability of energetic molecules.
The calculated BDE value is positively correlated with the
molecular thermal stability. The larger the BDE value, the
higher the thermal decomposition temperature and the better
the molecular thermal stability. Wu* et al. used machine
learning (ML) methods to build multiple models for predicting
thermal decomposition temperature based on a dataset
composed of 1022 different compounds, achieving good results.
The three candidate molecules in this paper were predicted for
their thermal decomposition temperatures using the model,
and the corresponding results are shown in Table S6.+

3.3.3 Analyzing predicted synthetic routes. The Fig. 6
provides predicted synthetic routes for the three molecules,
with two possible routes for molecule #22. The predicted
synthesis route for molecule #7 is the longest, comprising six
steps. #22 is the shortest, with two steps; while molecule #33
requires five steps. Despite the longer pathway for molecule #7,
the involved reactions are straightforward, the intermediates

View Article Online

Paper

more stable, and the operations simple and feasible, making it
easier to perform and relatively easy to synthesize.

The design of the synthetic routes was based on a linear
synthetic strategy, in which the intermediates to be synthesised in
the process were deduced backwards from the final molecular
formula, and the reactions were deduced backwards from the
molecular groups, basically according to the establishment of the
bridging and bis-tetrazolium skeleton, followed by the substitution
of high-energy groups and the associated nitration reactions.**>"

In several rounds of screening, each round eliminates
certain molecules. The first round of screening primarily
involves OB value selection and synthetic difficulty screening.
These two molecular properties eliminate most molecules. The
OB value eliminates molecules that do not contain oxygen (O)
elements or those with excessive nitro and hydroxyl groups. The
former lacks high-energy functional groups, while the latter has
too many high-energy groups, making them sensitive and
unstable. Only molecules with a certain proportion of ~-CHO
groups are retained, as these molecules ensure more complete
oxidation during explosions. The synthetic difficulty screening
eliminates molecules with inappropriate or unreasonable
functional group connections because such molecules are

i Flmoc Flmoc /T\’N\H
BrCN Fmoc—Cl NaN..H,SO /| N
HN_ A~ N N . N A~ CN a) NaN3,H,S0, NN~ 7
Nz T fcoNa Ne N K;CO4 Ne i b) 1. NpH H,OHCT ™ N, NN
Fmoc 2. NaNO,,HCI N=N Fmoc
Oxone
H,0
rlm, N=N NO, a)1. EtMgBr N=N Flmoc N=N
N—0 H N—OH  Piperidin N—OH
N N 2. BuONO N P peridine N y
O N ~ NN N 8 O Ns ~NNN =N HO— ,N\ NN =N
N I _ N H N |
O,N N=N NO, b) (CF3C0),0,LiNO, N=N N=N Fmoc
#7
O;N NO,
2N NO,
b H N NH, NO; \/\\NH HN/%
H B N3CN no N N W 1" No, e
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Fig. 6
the #33 molecule.
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(a) Predicted synthetic routes for the #7 molecule; (b) predicted synthetic routes for the #22 molecule; (c) predicted synthetic routes for

© 2025 The Author(s). Published by the Royal Society of Chemistry


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5ra01604e

Open Access Article. Published on 14 April 2025. Downloaded on 1/21/2026 10:42:30 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Paper

difficult to synthesize and are discarded. After the initial
screening, the remaining molecules, aside from those with
a bis-azole ring, generally consist of organic molecules con-
taining two or more nitro groups, with relatively simple
molecular structures. The second screening involves density
and v selection. Molecules with higher density values and better
mechanical stability are typically those with simple bridged
groups and side groups containing high-energy groups, such as
nitro groups, with a total of 2-6 such groups in the molecule.

In summary, the three molecules #7, #22, and #33 selected
fulfill the initial concept of high-energy, low-sensitivity
bistetrazole-based energetic materials. Molecule #7 exhibits
the best overall performance and, according to the retro-
synthetic analysis, is promising for laboratory synthesis and has
significant application potential.>

4 Conclusions

In this work, we developed and applied existing quantitative
calculation methods combined with machine learning models
to accelerate high-throughput virtual screening to guide the
selection and discovery of bistetrazole-based energetic mate-
rials. This high-throughput virtual screening method accounts
for the time differences in property screening processes,
sensibly conducts molecular property selection, significantly
reducing the number of molecules in time-consuming compu-
tations, thereby notably enhancing the screening speed and
reducing computational costs. Subsequent high-precision
quantum chemical calculations demonstrated that the
computational tasks and basis sets used in this screening
process were effective and reliable. Using this method, we were
able to quickly select three high-energy, low-sensitivity mole-
cules with good performance from a potential pool of 35 322
bistetrazole molecular structures in just three weeks. Further
electronic and experimental studies showed that these mole-
cules exhibited the expected excellent performance and supe-
rior detonation characteristics. This work demonstrates the
potential of our high-throughput virtual screening method in
rapidly finding high-performance new energetic materials.
Moreover, the proposed systematic approach can be extended to
the discovery of other novel organic functional materials.
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