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1. Introduction

The rapid prediction of material properties, particularly novel material properties,
is of great interest (SMGICT 2021). This is especially true for energetic materials
where measuring material properties can be costly and hazardous (Rae and Dickson
2021). Energetic materials, by design, rapidly release a significant portion of their
stored energy; therefore, it is hazardous, time-consuming, and costly to produce,
process, and test such materials. There are several properties that can determine if
an energetic material is worth exploring experimentally; specifically, those
affecting safety, manufacturability, and performance. However, these properties are
computationally expensive, and in some cases impossible to predict from first
principles (Yan and Zeman 2013), or even dramatically simplified physical models
(Han et al. 2018; Sen et al. 2018). While thermochemical codes can predict some
of these properties given quantities such as the density and Heat of Formation (HoF)
(Fried and Souers 1994; Nieto-Draghi C et al. 2015), computing these two
quantities from first principles, particularly the density, can be excessively time
consuming. Calculating the density requires a knowledge of the melting and
perhaps boiling point of the material, and, if it is known to be a solid, the crystalline
symmetry is also required. Searching for an undetermined crystal structure of a
material or performing simulations to determine the liquid density at ambient
pressure, or even simulations to determine the melting point of a material, are
research projects of their own. Other methods are therefore needed to rapidly
determine the feasibility of an energetic material.

While there are a number of properties of interest for these materials, this work
focuses on nine properties. The properties calculated are the 1) density, 2) HoFs,
3) detonation velocity, 4) detonation pressure, 5) impact sensitivity (Hso), 6)
melting temperature, 7) boiling temperature, 8) decomposition temperature, and 9)
vapor pressure. First, density is a key indicator of energetic material performance.
Second, the HoF is indicative of how much energy is stored in a material and
therefore how much energy can potentially be released by it. Next, the detonation
velocity and pressure are measures of how fast a material can release energy and
how much of that energy can be used for mechanical work. Fifth, impact sensitivity
is also a measure of how safely a material can be stored. Herein the sensitivity as a
function of the energy of impact is examined, for which the height of a drop weight
where the material reacts 50% of the time is a common measure and termed the
Hso. The melting, boiling, and decomposition temperatures, along with the vapor
pressure, are used to determine how and whether a material can be melt cast, safely
processed, along with how stable it will be during storage. For example, high vapor



pressure means that the material will likely be very volatile. Conversion between
the two is possible if the mass of the impactor is known.

Some statistical methods have shown promise for predicting many of the relevant
properties for energetic materials (Honda et al. 2019; Chithrananda et al. 2020;
Winter et al. 2022; Heid et al. 2024). The Energetic Properties Prediction Interface
(EPPI) (Lansford et al. 2022, 2023; Appleton et al. 2024, 2025a, 2025b, 2026;
Lansford and Barnes 2025) uses an ensemble of message-passing neural networks
(Gilmer et al. 2017) to predict properties from a 2D description of the molecules’
structure, called a Simplified Molecular Input Line Entry System (SMILES) string
(Weininger 1988).

We have gathered multiple datasets and searched through the literature to evaluate
EPPI by generating a combined dataset of over 300,000 molecules containing
carbon, hydrogen, nitrogen, oxygen (CHNO) and fluorine (CHNOF) with at least
one of the nine aforementioned relevant properties. While the model was trained
across a large set of materials, it was not specifically trained for materials
containing fluorine. However, we found good results for many of the properties of
fluorine-containing materials; therefore, the model demonstrates strong potential
for transferability with relatively small datasets for new classes of materials.

In the following sections we will discuss EPPI, our methods of data collection, and
how we culled that data to the most relevant subset that is presented in the results
within Section 3. We then break up the results into subsections for each property to
show validation and transferability of the model, and finish with concluding
remarks.

2. Methods

2.1 EPPI

EPPI is a U.S. Army Combat Capabilities Development Command (DEVCOM)
Army Research Laboratory (ARL)-developed code that uses a set of ML models to
calculate the nine different properties relevant for the assessment of energetic
materials and their expected standard errors in the mean (SEs). Results from each
of the two different models are used for calculating the density, melting
temperature, and the impact sensitivity (Hso). Two different models for density
were developed: one with data from quantum mechanics (QM) and the other with
experimental data. The additional models for melting temperature and impact
sensitivity were developed by Robert Appleton and are labeled RA. EPPI can run
either interactively on a single material at a time or in batch mode.



EPPI initially opens a command window that displays progress loading the Python
environment and importing necessary Python module. Once all necessary
dependencies are loaded, an EPPI GUI window pops up with a progress bar
showing the individual models being loaded into memory. A view of the EPPI GUI
with single molecule predictions for pentaerythritol tetranitrate (PETN) can be seen
in Figure 1.

O=[N+]([O-])OCC(CO[N+](=O)[
O-))(CO[N+](=0)[O-]))CO[N+](=
O[]

submit

273 [K] submit

export results

Click "Browse” to Load File from Input Folder Browse

Figure 1.  EPPI user interface with example SMILES string for PETN specifying vapor
pressure temperature of 273 K. SMILES string is entered into the textbox at upper left; 2D
molecular diagram at upper right; predicted properties at center left, followed by text box to
enter the temperature at which to predict vapor pressure.



In single molecule mode, EPPI takes as input only an ASCII string that is a 2D
representation of the molecular structure of the material in the form of a SMILES
string and optionally the temperature for calculating the vapor pressure. If EPPI
finds the SMILES string to be valid, it will replace the SMILES string in the text
box with the canonicalized SMILES string (RDKit 2026). If not, it replaces the
SMILES string with “Invalid SMILES.” EPPI produces a 2D skeletal diagram of
the molecule generated by RDKit for verification. As the calculation continues, a
progress bar in the command window and GUI interface appear. Once the
calculations have been completed, the mean values and SEs are shown, then the
temperature for the desired vapor pressure can be entered in the text box towards
the bottom left of the interface, and the submit button next to it can be used to start
the vapor pressure calculation. The text box for the vapor pressure temperature will
reset after each run, so the temperature must be reentered and the submit button
pressed every time.

For a single material, EPPI produces a 2D visual representation of the molecular
structure of the material for verification, and the image can be saved to a Portable
Network Graphics file and the properties to a comma-separated value (CSV) file.
This can be done by clicking the “export results” button towards the bottom-left
corner. This will generate files in the “output_files” subdirectory of the directory
from which EPPI is run. File names will have the following format:
ChemicalFormula Time.FileSuffix. Column titles are in the first row of the CSV
file: SMILES, property, mean, and SE. Below are rows for each property calculated
with the SMILES string, property name, predicted mean, and SE. The mean value
is the ensemble average of multiple models trained on different subsets of data.

In batch mode, EPPI can take as input either a CSV or Excel spreadsheet with a
single column with its first row labelled “smiles” and the subsequent rows being a
SMILES string for a molecule. To do this, click the “browse” button at the bottom
left of the GUI. This brings up a File dialog starting in the directory from which
EPPI was run. Input files should be in the “input files” subdirectory. The file can
be selected by double-clicking it or selecting it and clicking “open.” This begins
the calculation. Progress for batch calculations is shown only in the command
window. Batch runs are divided into sequential calculations where each individual
model for a property calculates the value for every SMILES string before
proceeding to the next property model, until all the models for a given property are
completed and it moves to the next property. Progress for the completion of each
model is shown in the command window. Upon completion of all the models, the
run produces a CSV file located in the “output_files” subdirectory. The file name
will have the prefix “ML_pred ” but is otherwise the same as the input file name.
Its first row is column labels and each following row corresponds to the same



material specified by the SMILES string in the same row of the input file. For each
of these material rows, the first column is the SMILES string, and then there are
two columns for each property: the first for the mean value (the average of each
individual model) and the second for the SE of the ensemble, which is labeled std
instead of SE. Currently, the temperature for the vapor pressure calculation in batch
mode is fixed at 400K, which is relevant to melt-cast explosives. The number
entered into the temperature text box therefore has no effect during batch
calculations. Example input and output files are included in the EPPI distribution
in the “input_files” and “output_files” directories, respectively. EPPI is sensitive to
malformed SMILES strings and will exit the calculation without saving the
properties when it encounters one, so using large untested input files may be
computationally wasteful.

2.2 Data Collection

The material property data used for comparison with EPPI in this report comes from
several different sources. The first two sources are Appleton et al. (2025a) and
Lansford et al. (2023). While they did not contain data for every material or
property in the dataset, they contained many of the same materials and properties.
Therefore, these two datasets were merged. The third source was the ChemPhys
Space dataset (Muravyev et al. 2022), and it largely contained three properties
relevant to energetic materials that were not in the initial dataset; namely the HoF
and the detonation pressure and velocity. So, this dataset was kept separate, giving
two unique datasets, a general material- and an energetic material-focused dataset.
The final sources were a search of the literature, ThermoML (Frenkel et al. 2003),
and other websites and datasets for data relevant to energetic materials and of
interest to the DoD. Data from this search was used to augment the data in the two
different datasets. The two different datasets are available in supplemental material
that is available upon request, and each contains a column that specifies the original
data source or sources. When the datasets were merged, the SMILES strings were
converted to a canonical form with RDKit (2026). These canonical SMILES strings
were then compared and, if they matched their values, were merged. For cases
where there was more than one entry for a property, the values were averaged and
the entries for the sources were combined into a list.

2.3 Data Filtration

The initial data collection effort included all materials that contained any of the
following elements: carbon, hydrogen, oxygen, nitrogen (CHNO), or fluorine. This
broad search was used to ensure that nothing relevant was missing; however, it did
result in dataset that was too broad for our purposes. To avoid any issues with the



model that are not relevant to the current work, we filtered both datasets into two
subsets. The first, which will be referred to as the CHNO dataset, contains materials
that had at least two of, and only, the elements carbon, nitrogen, and oxygen, with
possibly hydrogen. The second, which will be referred to as the CHNOF dataset,
contains fluorine and at least one of, and only, the elements carbon, nitrogen, and
oxygen, with hydrogen being optional. Outliers from both datasets (in terms of
extreme values and significant disagreement with the EPPI results) were examined.
Several of these values were from unorganized datasets and could not be verified,
so these entries were removed and are in supplemental materials that are available
upon request. Furthermore, some data was culled from the plots reported in this
work for clarity of presentation; this data is also available upon request.

3. Results and Discussion

EPPI consistently underpredicted high values and overpredicted low values for the
outliers that were removed from the dataset for clarity (mentioned above). This
indicated a systemic bias in the model similar to a regression-to-the-mean type of
behavior, and is not surprising for values significantly outside the range of data
used in training the models. Below, we divide the results into sections by property,
with separate sections for each model when more than one model group exists for
a single property. The properties are listed in the order they occur in the EPPI GUI.

The following sections explore the predictive capability of EPPI by examining
hexagonal bin plots comparing experimental measurements with EPPI’s predicted
values. The experimental values are displayed along the x-axis and predicted values
along the y-axis. If there are hexagonal bins with more than one material in a bin,
each bin will be colored by the number of materials in the bin, and a color bar will
be displayed. Along with the hexagonal bin plot, the root mean square error
(RMSE), mean absolute error (MAE), and Pearson correlation coefficient are given
for each plot. These hexagonal bin plots along with tables of substructure
distribution and the associated substructure RMSE, MAE and Pearson correlation
coefficients and molecular weight and heavy atom number distributions for each
property are given in Appendixes A and B.

3.1 HoF

The HoF data was taken from the energetic materials dataset, so the number of
materials is relatively small. It can be seen in Figure 2 that this model (Appleton et
al. 2025b) for CHNO materials contains good agreement between EPPI and
experiment, with the outliers being more common at extreme values. For materials



containing fluorine, however, EPPI typically overpredicts the HoF—although it

does somewhat better at predicting the ordering.
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3.2 Crystalline Density (Quantum Mechanical)

EPPI also calculates density with two different models. The first one was trained
on density data from a set of methods using QM information to determine density
in the software package EDAT (Byrd 2012). While the performance for CHNO
materials is quite good, we see that for CHNOF materials this model systematically
underpredicts for higher density materials. This type of deviation is not uncommon
when trying to use a learned model beyond the range of its training data. Even with
the underprediction at high densities, this model does quite well overall for CHNOF
materials, as can be seen in the error metrics (Figure 3).
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3.3 Crystalline Density (Experimental)

This is a comparison of the dataset values with EPPI’s predicted experimental
density, which is labeled “model variant 2” in the interface. This model was trained
on experimental data. This is the largest and most diverse property in the datasets,
and EPPI does quite well at predicting the crystalline density for both CHNO and
CHNOF. However, when faced with covalent solids or long chain polymers, EPPI
underpredicts the density. Also, a close examination of Figure 4 shows two trends.
The first starts out with good agreement at lower densities, getting worse as it tends
towards moderate densities for both CHNO and CHNOF, where EPPI seems to
overpredict. The second trend, going towards higher densities, where EPPI starts to
slightly underpredict although the agreement is still very good, is seen more clearly
for CHNOF materials. A substructure analysis of this trend may be in order, as the
Pearson correlation coefficient for substructures runs as low as 0.48 for
anthracene—markedly different from the drift noted above for the QM where the
error metrics for the different substructures are relatively closely packed. It seems
the QM method has better substructure representation, while the experimental
method has better range and fluorine representation.
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Figure 4. Comparison of measured and predicted crystalline density (g/cm®) for CHNO
(left) and CHNOF (right).

3.4 Detonation Velocity

Detonation velocity is one of the most useful properties for evaluating an energetic
material (Appleton et al. 2025b). The left panel of Figure 5 shows that for CHNO,
EPPI does well for materials with measured shock velocities over 6 km/s.
Unfortunately, it appears to systematically overpredict the detonation velocity for
materials with measured velocities below 6 km/s. This makes it difficult to use EPPI
to discriminate between materials likely to have good performance and those with
weak performance. The right panel of Figure 5 for CHNOF materials looks



considerably better; however, the dataset only spans the range of measured
velocities above 6 km/s, and the lowest three values correspond to overpredicted
values, implying the same problem with low-velocity predictions. Perhaps further
training with lower velocity materials will improve its discriminatory power.
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Figure 5. Comparison of measured and predicted detonation velocity (km/s) for CHNO
(left) and CHNOF (right).

3.5 Detonation Pressure

Detonation pressure, like detonation velocity, is important for predicting energetic
material performance (Appleton et al. 2025b). Here, a similar situation to what is
seen with detonation velocity can be inferred but is not nearly as obvious. The
lowest pressure materials all have overpredicted detonation pressures for CHNO
materials—not only overpredicted but inversely correlated. However, the CHNOF
panel (Figure 6, right) shows the lowest pressure material, lower than the lowest of
the CHNO materials, and its predictions are very good. But this low-pressure
CHNOF material was included in the training material and therefore seems likely
that the low-pressure error for CHNO materials is due to underrepresentation of
lower pressure materials in the training sets. EPPI predicts the values are very close
to the measured values for the four materials containing fluorine. Evaluation of
EPPI’s predictive power for the detonation pressure may benefit from further study.
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Figure 6. Comparison of measured and predicted detonation pressure (GPa) for CHNO
(left) and CHNOF (right).

3.6 Impact Sensitivity (Hso[cm])

Impact sensitivity is both a very important measure of safety for a material and a
difficult property to predict; EPPI employs two different ensemble models to
evaluate it. The results reported herein are more accurate than those reported in the
report describing the model (Lansford et al. 2022), as that work reported only
results for the model that was not trained on the specific molecule whereas we are
reporting the results for the ensemble, which should be better. Many of the
measurements appear on the same vertical line due to the limited resolution of the
experimental data (Figure 7). The experimentalists must do multiple drops at each
height to get statistics on how likely the sample is to react, yet performing so many
tests from very similar heights is not often feasible, thus some standard heights may

be used.
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Figure 7. Comparison of measured and predicted impact sensitivity for CHNO (left) and
CHNOF (right).
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3.7 Impact Sensitivity (Hsolog[J])

Here, the RA Hso model (Appleton et al. 2025c¢) is being evaluated. The impact
sensitivity (Hso) here is given in the log of the impact energy. Given the noise in
the experimental data, the EPPI predictions seem to be quite reasonable (Figure 8).
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Figure 8. Comparison of measured and predicted impact sensitivity (Hso) in log(J) for
CHNO (left) and CHNOF (right).

3.8 Melting Point (RA)

The melting point is important for estimating the safe temperatures for processing
and storage of energetic materials. Figure 9 shows the agreement for CHNO
materials for the Appleton melting point is excellent (Appleton et al. 2026). The
agreement for CHNOF materials is not quite as good but still very reasonable.
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Figure 9. Comparison of measured and predicted melting temperature (K) for CHNO (left)
and CHNOF (right).
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3.9 Melting Point

The agreement for CHNO materials is excellent for the Lansford model (Lansford
and Barnes 2025) (Figure 10), considerably better than the Appleton model.
Similarly, the agreement for CHNOF materials is not quite as good as CHNO but
still very reasonable and better than the Appleton model.
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The boiling point is also useful for safety estimates (Lansford and Barnes 2025). It
can be seen in Figure 11 that the agreement between EPPI and experiment is
excellent for both CHNO and CHNOF datasets. The high temperature tails of both
datasets start to diverge from the excellent correlation seen at lower temperatures,
and this is not unexpected as the values in a dataset start to exceed the range of the

training data. It is not clear that there is anything meaningful in the fact that the two

datasets diverge in opposite directions; it is likely an artifact of the training.
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3.11 Decomposition Temperature
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Comparison of measured and predicted boiling temperature (K) for CHNO (left)

The final temperature prediction is for the decomposition temperature (Lansford
and Barnes 2025). This is again a useful indicator for safe handling and storage. It
is shown in Figure 12 that EPPI’s predictions are reasonable for CHNO materials,

particularly below approximately 600 K where a similar drift to that seen in the
boiling temperature can be observed. There are only two data points in the CHNOF
dataset, and they are near the upper left-hand corner (Figure 12), as EPPI

significantly overpredicts the temperature. While the model gets the measured

ordering correct in the CHNOF subset, there are only two data points and statistics

such as Pearson correlation coefficient are not meaningful.
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3.12 Vapor Pressure

The final property being examined is vapor pressure (Lansford et al. 2023), which
is another safety indicator (particularly for manufacturing). The logarithm of the
vapor pressure is what is being calculated here, as the range of vapor pressure is
very large. Additionally, the predicted vapor pressure is at 400 K while the
experimental temperature varies with the particular experiment. Figure 13 shows
that while EPPI slightly underpredicts the vapor pressure, the agreement is very
good for both CHNO and CHNOF datasets with more dispersion at very low
pressures, which is to be expected as the precision of the experiments becomes
much harder at such small values of the log of the vapor pressure.
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Figure 13. Comparison of measured and predicted vapor pressure in log(atm) for CHNO
(left) and CHNOF (right).

4. Conclusions

In this work a large dataset of molecules has been curated containing some
combination of carbon, nitrogen, oxygen, fluorine, and hydrogen with various
properties relevant to energetic materials. These molecules have been run through
EPPI and its predictions compared with experimental data are detailed. We found
that EPPI does well at predicting most properties for CHNO materials and areas for
future improvement have been identified, specifically for materials with extremely
low detonation velocities and materials with high melting, boiling, and
decomposition temperatures. The agreement with experiment is also quite good for
CHNOF materials, particularly considering that these were not a focus of the model
training—with the exceptions of decomposition temperature, where there is too
little CHNOF data to make a meaningful conclusion, and the HoFs, which seemed
systematically high. The extension to testing with fluorine materials suggests that
EPPI can be used qualitatively outside of its primary training range and with some
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additional training it may provide excellent results for materials of interest to the
energetics community beyond those initially studied. Instructions and details about
working with EPPI have also been provided as a guide for users, and suggestions
for improvements have been made.
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R 1,2 3-Triazole 1 3042 3042 ran
. . 1.2 ATriazale 5| 323a| 3156 0307
Ttal s1| a7ee| 3373 0751
20 A ’
15
T T T
20 30 40
Measured
Molecular Weight Number of Heavy Atoms
6 8 1
? -
5 -
6 -
4 -
5 -
3 1 4 -
3 -
2 -
2 -
l -
l .
0 T T T 0 - T T T T
500 1000 1500 0 50 100 150 200
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Predicted

Detonation Pressure for CHNOF

RMSE = 1.439
26 1 MAE = 1.087 *
Pearson = 0.970
L
24 -
22 1
Rum RMSE MAE Pearson
Benzyl 2 LE79 L3B0 -L.000
] Methyl 1 0.0BS 0.0BS ran
20 Kitro 3 1661 1421 £.323
Total 1 1438 LOBT 0a7n
18 A
16 -
14 -
T T T T T
15.0 175 20,0 225 250
Measured
Molecular Weight Mumber of Heavy Atoms
1.0 1 2.00
1.75 1
0.8 1
1.50 1
0.6 1.25 -
1.00 4
0.4 1 0.75
0.50 4
0.2 1
0.25 4
0.0 — 0.00 T

T
0 500

T
1000

T
1500

30

50

T
100

T
150

T
200



Predicted

Impact Sensitivity for CHNO

35000 4

30000 -+

25000 +

20000 -

15000 ~

10000 A

5000 -

RMSE = 1403.935
MAE = 213.871
Pearson = 0.083

T T T
10000 20000 30000
Measured

100 200 300 400 500

Counts

Molecular Weight

60

50 -

0 500 1000

1500
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Bum BMEE MALE Fearson

Bming 34 | A8.T13 302.311 a1y
ernide ! 3. 7z4 99.433 as13
Benzyl a4 1333 17a.128 a133
Berizimidazoie 2 240838 172.373 -1.000
Imidazoks @ 20918 153111 aean
eyl as 260.523 4031 aoay
BEphithialens 1 108,727 108,727 mn
Mirate n A6.3%3 8.897 ae4l
Mo e 1337.271 06458 acEs
Pyrazne 3 6.920 191,154 0544
Pyraroke pEE] 333413 45701 o194
Pyridine o o.1es 43,9343 aET2
Pyridazine a MZ.033 nzioel Q038
Pyrimidine 4 07031 22377 0as7a
1,2,3-Triazine 3 aa1ed 53138 %3y
1,2.4-TrHnzine a8 4z 358 434 B44 384
13,5 Triazine =] 00352 183,327 332
1.2.3-Trinzale a2 170.028 ns.2:x1 441
12.4-Trinzale o a7.081 182.0G1 0247
Ttal |0 1403.5933 AZET1 a0a3
Number of Heavy Atoms
102

10l

100

50

T
100

T
150

T
200



Predicted

Impact Sensitivity for CHNOF

450 { RMSE = 163.777
MAE = 122.521
400 - Pearson = 0.799
350 -
300 - Mum FMEE MAE | Pearson
Benzyl 1| 31226 | 231226 ran
250 - Fi4 3| 243025 | 233.147 0940
Methyl 41 251040 | 221 210 0852
Kitro gl 114528 72,567 0674
200 1,2,3-Triazole 41 240129 | 232667 0783
Tatal 13| 163.777 | 122521 0799
150 -
L]
100 - .
[ ]
L]
50 N
L] .
. [ ]
100 200 300 400
Measured
Molecular Weight Number of Heavy Atoms
3.0 3.0
2.5 1 2.5 1
2.0 2.0 1
1.5 1.5
1.0 4 1.0
0.5 1 0.5 1
0.0 T T T T 0.0 T T T T T
0 500 1000 1500 0 50 100 150 200

32



Predicted

RA Impact Sensitivity for CHNO

RMSE — '0 352 v . . Mum FMSE MAE Pearson
2.0 ~ MAE = 0.280 . '! . Amino 294 0325 0262 0741
Pearson = 0.752 ::‘ - SAmide 28 0.256 0219 (31
- -
1.5 - ek . 2- : Banzyl w4 | 0351 0275 0606
. P x L Benzimidazale 2| o343 o3ze| -Looo
s _:, midazole 2| o0319| oz47| woe3z
1.0 A S T
il no| o03az| ozer| o7
- l ; - - *; Maphthalens 1 0207 0207 ran
0.5 o . Kitrate 72| 033 oe| o7
. . : l '. e, . hitro ma| o3z | oz7z| a7t
0.0 - . . Pyrazine 3| o2a5| ozzm| ooess
. -
| T Pyrazole 133 0317 0257 0727
Pyridine 0| o0w46| o0121| o8ED
—0.5 A Pyridazine o o208 o258 o563
: : : Pyrimidine a| o3| ouo| os0d
0 1 ) 1,2, 3-Triazine 3] o17s| o1z ooes
Measured 1,2 4Triazine g| o0360| oze7| osen
1,3,5-Triazine s| 0330 ozez| oe33
I | [taateme L | 03| 0265| 0686
1 3 5 7 1,24 Triazole 10| o410 0330 063
Caounts Ttal o0 | 0352] oze0| wo7s2
Molecular Weight Number of Heavy Atoms
102 i
60 4 ]
50 ]
40 H 1
10!
100 |
T T T
0 500 1000 1500 0 50 100 150 200
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Predicted

RA Impact Sensitivity for CHNOF

RMSE = 0.343
1.6 1maAE = 0.278
Pearson = 0.749 ¢
1.4 4 *
:
1.2 T »
Kum RMSE MAE Pearson
1.0 - . Banzyl 1 0118 0118 ran
Fi4 3 0237 018z 0910
. L] Methyl 4 0475 0409 0932
0.8 9 . hitro 9| 03B [ERT] 0504
1,2, 3-Triazole 4 0213 0174 0529
0.6 4 ' . Ttal 13] 0343| oz7e| o7am
0.4
0.2
0.0 T T T
0.0 0.5 1.0 1.5
Measured
Molecular Weight Number of Heavy Atoms
3.0 4 3.0 4
2.5 2.5 1
2.0 1 2.0 1
1.5 1 1.5 1
1.0 4 1.0
0.5 1 0.5 1
0.0 T T T 0.0 T T T T T
0 500 1000 1500 0 50 100 150 200
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Predicted

RA Melting Temperature for CHNO

Num RMSE MAE Pearson
RMSE = 49.846 . Amino 28866 | 53264 | 40334 0665
700 { MAE = 37.414 . . . 5 Amide 33197 | 47670 | 36.068 | 064k
Pearson = 0.767 * Il.. Benzyl Waes | 47.741 36.403 oean
600 4 . b Benzafuran 1576 | 43700 33732 | 0,606
" L
Furan g | a052| 3185|0707
500 - . midazale 9785 | 48809 | 3mz85| o668
.’ L
% P ndole 5638 | 52.B95 | 41.456| 03589
anod ° B, e - ) Methyl w416 | 49933 | 35| o764
S - Naphthalene 92| 46373 #|ys2| o1l
300 - :. - Nitro 777 | 42605 | 32798 | 0763
. et Dwazole 53| e8| 209667 0735
2004 *f A Purine 1349 | 55.021 | M.652 | 0655
¢ o LBl Pyrazine 1700 | 45.606 | 35.747 | 0784
100 - >, Pyrazole 33| 46508 3:@3ze| 077
M : : Pyridine 71397 | 48506 | 37.832 | 0.6E7
200 400 600 Pyridazine 1009 | 46.600 35.050 0655
Measured Pyrimidine 9008 | 49652 | o784 | 0602
Pyrole E7G0 | 51500 | 30069 | 0637
I 1 [ unazie 51| 4732 Taiz| oem
100 101 102 Quinaline 5156 | 40062 | 38308 | 0.666
1.2,4Triazole 83| 45045 | I/T7B| 0737
Counts Tatal 131174 | 40.B46 | 37.414| 0767
Molecular Weight Number of Heavy Atoms
104 5
7000 A ]
6000 - ]
107 4
5000 A ]
4000 1 102 E
3000 - ]
1]
2000 - 107 5
1000 - ]
109 5
0 - T T L T I T I T
0 500 1000 1500 0 50 100 150 200
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Predicted

RA Melting Temperature for CHNOF

Rum RMSE MAE Pearson
7F00 1 BEMSE = 49.406 Aming 6228 52.577 30.950 0580
MAE = 37.438 N Amide E370 47.257 36.699 0560
600 4 Pearson = 0.697 R o Benzyl 24438 | 47026 | 36504 | 0661
. . . o2+ o | 4so3z | 3mos1|  oees
500 4 . . Furan G2 | #Mo054| 3763 |  06sE
. s a3 " midazole 1081 | 4mom1| m4de | o571
e R Y . hndole nao| soe0d| 4013a| os22
400 4 .
.. ~ Methyl 16251 | 50136 | 38066 | Q652
- -, .: Maphthalene son | sszse | 44351 0467
300 + 7eos b d hitro 1804 | 43035 | 3woil| o728
. N wazole a76 | dzooa [ 3zaso | w61l
-
2004 . i Pyrazine za| 4a7E36| w755 | 0750
R A Pyrazole 2625 | 41452 | 32253 | 0734
100 4 ¥+ * . Pyridine 6679 | 40203 | 3@so0| oese
b : : : Pyridazine 1| 43127 o005 | o627
200 400 600 Pyrimidine 2589 | 48.209 38.339 0622
Measured Fyrale 1894 | 400637 | 3z24| 0603
CQuinazoline 35 | 4oE13| o108 | 066
T | [ Py T R B
100 1.2 3Triazole 3ga | 45500 | 3369 | 0557
1.2 ATriazole ol | 42827 | 3=s69 | o69s
Counts Ttal 26813 | 40406 [ 37aza|  oee7
Molecular Weight Number of Heavy Atoms
1400 A
3 4
1200 - 10- 3
1000 A )
2
800 - 10°73
10? 1
107 4
T T - T T T
0 500 1000 1500 0 50 100 150 200
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Predicted

Melting Temperature for CHNO

Kum FMSE MAE Pearson
RMSE = 44.415 Aming 288686 51.487 38.429 07rie
BDD | MAE — 32.3{}0 . o . Amide 33197 46.B45 35.B25 0ea7
Pearson = 0.835 © %, . Benazyl 4865 | 46350 | 3a63a| o744
e ta Benzafuran 1576 | 47311 37390 0742
. - . Furan 3003 | 48360 | 37.777| 0754
600 - . et midazole o735 | 52028 | 40570 | 0684
. . ndole 5633 | 54.287 | 41621 0647
":.' * . Methyl o016 | 43700 | 31ee3a| oaso
! . : i Maphthalene 4202 | 45554 | 33B97| o768
400 7 -« Fitro BT77| 41474 | 31100 0793
h . Owazole 38| 45774 | 783 | o7k
-
w ot Purine 1349 | 53.703 | 42206 0724
200 . ., Pyrazine 1700 | 50676 | 30240 0782
* Pyrazole 7039 | 48776 | 38160 | 0699
: : : : Pyridine 0392 | awa07| mesa| o1
200 400 600 800 Pyridazine 1009 | 47836 | 36.734 0.643
Measured Pyrimidine o008 | 52293 | 40673 | 0710
Pyrole 760 | 53.040 | 41197 0675
— I v ) PN Ry
100 10! 102 Quinaline 5156 | 50.535 | 38.260 | 0690
1.2 A-Triazole 2188 | 45205 | 34B6S | 0727
Counts Btal 131174 | 44415 | 3z300| 0835
Molecular Weight Number of Heavy Atoms
10 1
7000 4 ]
6000 -
107 4
5000 4 ]
4000 1 102 E
3000 4 1
14
2000 - 107 5
1000 - |
100 5 | I

T
0 500 1000

T
1500

37

0

50

100

150
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Predicted

Melting Temperature for CHNOF tum | FMSE | WAE | Rearson
700 | RMSE = 45.979 . = e
MAE = 34.202 . . e : :
600 4 Pearson = 0.760 R Benzyl 24488 | 46031 34369 0714
. OF2+ w9 | 46668 | 3642 o744
500 - . L Furan f2 | 45E50 | 35443 0726
.t . midazole wa1| s1131| 3@za|  oses
. : ’ .= ndole a0 | sopsa| 3msaa|  oser
400 4 * . Methyl 16251 46231 3:s10] o734
. . * B . o Maphthalene 500 | sm3gz | 38232 0646
300 - : ;-..- * Kitra und | 4nooa| zmooda| o766
* . Woee " * Owazole a76 | 4z073 | 33372 O66R
200 - ¥ Pyrazine 2o | arsar | zmeaz| o7ml
. LI Pyrazole 2625 | 43455 3zo06| 0717
100 4 o2 - Pyridine 6579 | 47052 | 3565 | 0710
k : : : Pyridazine m1| 43372 3}71s| 0643
200 400 600 Pyrimidine 539 | 48371 38287 0eT0
Measured Pyrole 1894 | 50006 | 3433 | o030
Quinazoline 5| 48543 | 3@3mS | 0662
N R YT 7256 | 28323 | ®7139| 067
10° 101 102 1,2,3Triazale |a | 41985 | 32217 0654
1.2.4Triazole g60 | 4z144 | 3zooa| o7o
Counts Ttal 26813 | asera| 302 0760
Malecular Weight Number of Heavy Atoms
1400 A
3
1200 107 1
1000 A
800 - 107 5
600 - ]
101
400 - ]
200 4 i
107 5
0- T T - T T T
0 500 1000 1500 0 50 100 150 200
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Predicted

Boiling Temperature for CHNO Yam wisE 1 WeE | reareon
RMSE = 24.1472 BAcridine o8 21.B24 16.555 0854
1400 4 MAE = 16.é53 Amino 370l 22774 17.208 0983
Pearson = 0.973 Amide 1814 | 23724 | 17.237| 0887
1200 - Anthracena 160 | 18483 | 15260 | 0878
Banzyl 77| 22753 | 16719 | 0873
1000 - . 3 Banzofuran g | 21954 18391 0971
y Furan 355 | 24026 19364 0873
800 - R . Tmidazole 353 | 24344 14380 | 0966
- * . ndole 34| 10192 | 1zo6a| o02ea
600 - b2 Metiyl 73063 | 21661 | 15172 | 0879
- ._' . Maphthalene Bs7 | 20776 16680 | 0835
400 . Nitrats o0 | #4400 3mees| 0853
.. A Kitro 186 | 30162 18912 oo4m
200 - . Peridine 7| 18633 [ 15400 ooz
: : : : : : Purine 157 | 10340 11949 064
250 500 750 1000 1250 1500 Pyrazine I76] 1B603| 14B31) O0ge8
Measured Pyrazole 130 17349 | 12516 0@E7
Pyridine 1078 | 21503 | 15317 | 0870
. Pyrimiding 423 | 18347 | 13308 0001
10? 101 102 Pyrole 434 | 20083 | 14286 0960
Quinaline 432 | 0263 | 15557 | 0979
Counts Ttal 20594 | 24142 | 16253 | 0973
Molecular Weight Number of Heavy Atoms
3500 ]
3000 -
103 4
2500 - ]
2000
107 H
1500
1000 - 10
500 +
109
0 = T T h T I T I T
0 500 1000 1500 0 50 100 150 200
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Predicted

Boiling Temperature for CHNOF

RMSE = 34.887

| MAE = 21.462
800 Pearson = 0.967 *
l.
e
600 - e,
L] - .': I:
400 O R
'l' . "‘
L
t -
200 1 *
200 400 600 800
Measured

L —

107 1.1 % 101
Counts
Molecular Weight
175 -
150

T
1000

0 500

T
1500

40

Num RMSE MAE Pearzon
Aming 63| 43651 33974 0775
Amida 15| 109.162 | 79.053 0.4B6
Anthracens 20| 113621 | 112 898 0.936
Benzyl 405 | 52297 | 34.038 0.661
Banzimidazale 2| 227.853 | 227833 nan
OF24 651 38.382 27535 0952
Furan 1| 21.508 21.508 nan
midazole 3| 1B6.456 | 159.066 1000
ndole 3| 3012 | 23002 0.000
Metiyl 1762 | 25803 | 16.183 079
Naphthalene 31| 109.804 | 106.796 0785
hitrate 3| Tz.BE3 | €7.446 0.963
Nitro 43 | 45156 | 28.406 0.852
Pyrazole 1| Ee0.6z2 ED.622 ren
Pyridine 14| 52276 | 28634 0.891
Pyridazine 1| 121.728 | 121.728 ran
Pyrimiding 5| 38.523 | 400002 0.BB5
Pyrole 3| 3012 | 23902 0.000
1.3,5-Triazine 2| |.039 | 27004 L1000
Tatal 471 | 34.B87 | 21462 0.967
Number of Heavy Atoms
107 1
10? 1
10" I

0

50

T
100

T
150

T
200



Predicted

Decomposition Temperature for CHNO

| RMSE = 56.943
700 MAE = 45,178
Pearson = 0.777
GDD_ " ", -.:I "-'.'
L . - ’w' R
R '.’.ﬂ“ -‘; :.n:' :-.‘d'ﬁ" ]
'. ..'.5" ‘;. ‘ao ‘:} .
001 ¥ ooy oAl
- Ll ', #F
% 0 LI
.ﬂ - ‘.
400 -.”'}t-r Fe.
o« B h.
T T T T
400 500 600 700
Measured
1 4 7 10 13 16
Counts
Molecular Weight
70 4
60
50 4
I '} T T
0 500 1000 1500

41

Mum RMSE MAE Rearson
Amino 238 55.323 44,503 0nes9
Amide 48 £0.512 50.147 0vLa
Benzyl 266 67.253 54.794 0632
Furan 6] 44464 30,825 Q0D
Imidazole 3| 38.183 34957 1000
Metiyl A2 57.428 47.102 0B45
Maphthalene 10| 112532 | 103 269 D642
Mitrate 12| 41332 35.671 0418
Mitro 331 56.830 A4 609 Q.EL0
Pyrazine 22| 56612 | 4B.576 0585
Pyrazole 22| 45143 35.335 0736
Pyridine 30 67.209 53.B82 0426
Pyridazine 5| 30061 31.5A1 0959
Pyrimidine T| 32620 26.321 0B29
CQuinaline 4| 50426 A4 682 0501
1,3,5-Triazine 4] 54.290 49.307 0g0a5
1.2, 3-Triazole 36 76.104 6l 634 0365
1.2, 4-Triazole 72| 43.B89 34.053 0765
Total 755 56.043 45.173 oy
NMumber of Heavy Atoms
140
120 4
100 -
80 -
60 -
40 -
20 1
0 = II T T T
0 50 100 150 200



Predicted

Decomposition Temperature for CHNOF

220 RMSE = 72.561
MAE = 72.241
510 q Pearson = 1.000
500
490 1 Wum | FMSE | MAE | Fearsen
Benzyl 1 70,046 79,046 ran
480 4 F2+ 1| 436 | 65436 ran
Mty 2 T2.561 72241 1000
470 1,2 3-Triazole 2] 72561 TR2dl 1000
Total 2 T2.561 72241 1000
460 -
450 1
440
T T T T
440 460 480 500 520
Measured
Molecular Weight Number of Heavy Atoms
1.0 4 1.0 4
0.8 0.8
0.6 0.6
0.4 - 0.4 -
0.2 0.2
D.O T T T T 0.0 T T T T T
0 500 1000 1500 0 50 100 150 200
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Predicted

Vapor Pressure for CHNO

Mum RMSE MAE Pearson
RMSE = 1.521 Fcridine | 1407 rao7 P
2.5 {MAE = 1.322 Eming /2| L367| L3ez| 0oz
Pearson = 0.951 . Emide 55| Lelo| La01| 0&78
0.0 4 . * Banzyl 77| 1677| Ll48| o090z
Ly . . Benzafuran 4 1215 1183 09E0
—2.5 A . Furan F7] 1628 1466 0972
midazole 7| aozs| 37| 0571
=5.0 1 . ndole 4] 1703 1458 o840
Methyl 1780 | 1512 1335| Q@51
—=7.51 Naphthalene W| 1282 1127| 0952
* Vitrate w| 1o 1127| e
—-10.0 - Fitro 11| 1455| 11e9| 0936
Purine a| a7s7| 4508 o027
—12.5 1 . i - Pyrazine 2 1832 1831 1000
T T T Pyrazale 4| 374a| 3506 oo
-10 -5 0 Pyridine 70| 1340 1231| 0946
Measured Pyrimiding 2| 2451 1798 @535
Pyrole B| 1563| 1374| 0864
L S o I )
10° 101 102 1.3,5-Triazine of 130 1240] o8I
Counts Tatal 17| 1521 1322| 0951
Molecular Weight Number of Heavy Atoms
400 ]
300 102 -
200 ~ -
1 4
100 4 10 ]
0 - 1 T T T T T T T
0 500 1000 1500 0 50 100 150 200
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Predicted

Vapor Pressure for CHNOF

50 TRMSE = 1.211 :
MAE = 0.818
2.5 1 pearson = 0.975
0.0 1 _;
—2.5 1 ‘:.
_50 .
* CI 1.
-751 . .
—10.0 *
I- = T T T
=10 =5 0 5
Measured

Molecular Weight

16 A

14 -

12 4

10 4

44

Mum FM=E MAE Pearson
Aming 4 2620 1972 0eTS
Amide 3 3626 2946 0.828
Benzyl 50 1E18 1407 0947
OFa+ o 1104 0eo8 QGBG
Metivyl 56 1505 1148 0982
Nitro 11 1E38 1570 0957
Pyridine B 13284 LoB3 0413
Pyrimidine 1 0525 0525 ran
Pyrole 1 2303 2303 ran
1,2 4Triazole 2 2435 2435 ran
Total 144 1211 QELl 0875
Number of Heavy Atoms
25 A
20 ~
15 4
10
5 -
0 - II T T T T
0 50 100 150 200



List of Symbols, Abbreviations, and Acronyms

2D Two-Dimensional

ARL Army Research Laboratory

CHNO Carbon, Hydrogen, Nitrogen, and Oxygen

CHNOF Carbon, Hydrogen, Nitrogen, Oxygen, and Fluorine
CSv Comma-Separated Value

DEVCOM U.S. Army Combat Capabilities Development Command

DoD Department of Defense

EPPI Energetic Properties Prediction Interface
GUI Graphical User Interface

Hso Measure of Impact Sensitivity

HoF Heat of Formation

MAE Mean Absolute Error

ML Machine Learning

PETN Pentaerythritol Tetranitrate

QM Quantum Mechanical

RA Robert Appleton

RMSE Root Mean Square Error
SE Standard Errors in the Mean

SMILES Simplified Molecular Input Line Entry System
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