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Abstract

The characterization of physical hazards of substances is a key information to manage the risks
associated to their use, storage and transport. With decades of work in this area, Ineris develops and
implements cutting-edge experimental facilities allowing such characterizations at different scales and
under various conditions to study all of the dreaded accident scenarios. This review presents the efforts
engaged by Ineris more recently in the field of chemoinformatics to develop and use new predictive
methods for the anticipation and management of industrials risks associated to energetic and reactive
materials as a complement to experiments.

An overview of the methods used for the development of Quantitative Structure-Property
Relationships for physical hazards are presented and discussed regarding the specificities associated
to this class of properties. A review of models developed at Ineris is also provided from the first
tentative models on the explosivity of nitro compounds to the successful application to the
flammability of organic mixtures. Then, a discussion is proposed on the use of QSPR models. Good
practices for robust use for QSPR models are recalled with specific comments related to physical
hazards, notably for regulatory purpose. Dissemination and training efforts engaged by Ineris are also
presented. The potential offered by these predictive methods in terms of in silico design and for the
development of new intrinsically safer technologies in safety-by-design strategies is finally discussed.
At last, challenges and perspectives to extend the application of chemoinformatics in the field of safety
and in particular for the physical hazards of energetic and reactive substances are proposed.

Keywords: Quantitative Structure-Property Relationships, in silico design, safety-by-design, physical
hazards, energetic materials, reactive substances.



1. Introduction

Energetic materials are designed to be capable for releasing the chemical energy stored in their
molecular structure upon external stimulations (like heat, shock or electrostatic discharges) in a short
time!Y. Typical classes of energetic materials are propellants, explosives and pyrotechnic compositions
that can be found in both military and civil applications, like propellants for aerospace, automotive
airbags and entertainment fireworks. Reactive materials are substances which can cause fire or
explosion by reacting by itself or in contact with other substances'? 3. They include different kinds of
substances like organic peroxides, water-reactive or self-reactive substances.

Due to the hazards of these classes of substances, particular attention is needed in view of their safe
storage and handling as they caused large numbers of major accidents among years'> % °.. For this
reason, experimental tests have been developed to help assessing their risk profiles and risk
assessments are required for their production, storage and use in regulations like, at international
level, in the UN Recommendations for the Transport of Dangerous Goods (TDG)!® and in the Globally
Harmonized System of classification and labelling of chemicals (GHS)".. Based on these test results,
substances are classified (e.g. according to the GHS regulation in Table 1) and specific labelling and
safety measures are imposed to limit the occurrence and effects of accidents.

With decades of experience in this field, Ineris represents a first rank international expert in the
assessment and characterization of fire and explosion risks. Its experimental facilities allow
characterizations from the lab-scale to real scale explosion testing in a dedicated pyrotechnic platform.
These tests are realized according to regulations and standards but are also adapted to investigate
specific scenarios with tailor-made apparatus and protocols.

If a first tentative had been conducted in the 1990s with the works of Nefati’® on the prediction of the
impact sensitivity of explosive substances, the characterization of physical hazards at Ineris was up this
time focused on the experimental approach. Taking advantage of the improvement of computer
capacities and of theoretical methods and encouraged by the regulatory context of the European
REACH regulation’, new researches were engaged in 2007 in collaboration with Chimie ParisTech (Pr.
Adamo) to investigate again the potential of chemoinformatics and theoretical chemistry to
complement the experimental approach to predict the explosive properties of nitrocompounds. Based
on the success of this work, this research activity has been continued and structured in a research
roadmap with two objectives: 1) the development of prediction methods of physical hazards of
substances and mixtures and 2) the theoretical study of hazardous chemical reactions. Among
prediction methods, Quantitative Structure-Property Relationships (QSPR) are particularly targeted.
This research has been supported by a series of national and international projects. In addition to a
fruitful scientific production, this research produced tools and methods that are now used at Ineris in
its support to the French Ministry in charge of Environment and in its expertise for industries as
complementary tools to its experimental facilities.

This paper aims to propose a review of Ineris’ contribution to the development and use of QSPR models
in the field of substance and process safety. After an introduction to the principles and methods used
for the development of QSPR models, an overview of the models developed at Ineris for the physical
hazards of energetic and reactive materials will be provided, including the efforts engaged to make
this approach applicable to mixtures. Then, discussion will be proposed on the use of QSPR models



taking into account some specificities for the case of physical hazards. At last, perspectives and
challenges will be identified.

2. Methods

If Quantitative Structure-Activity Relationships (QSAR) are used from decades in the field of
(eco)toxicology*®*?, applications to physical hazards were rare, with only few examples on explosive
and flammability properties*>1¢, and developments in this field are relatively recent!*”’. When applied
to physico-chemical properties (or hazards), such model may be more likely called QSPR, for
Quantitative Structure-Property Relationships, since the target endpoint is a property instead of a
biological activity.

The QSPR method consists in developing models by correlating an experimental property of chemical
compounds with a series of molecular descriptors as summarized in Eq. 1, considering the assumption
that compounds with similar molecular structures present similar properties.

Property = f(Descriptors) (1)

The development of such model requires the availability of an experimental database that has a critical
importance for the development and validation of models!*®l. These data should be as large and as
accurate as possible. Indeed, uncertainties and errors in the training data propagate in the model
during its fitting and affect its final performances. Moreover, they should be obtained into
homogeneous protocols because different protocols can give different and sometimes contradictory
data that can limit the access to reliable models. Finally, the dataset also defines the detailed endpoint
of the model (in terms of experimental protocol and conditions) and its applicability domain (in terms
of properties and chemical space).

Such databases are not easily available in the field of physical hazards. For this reason, efforts were
needed to consolidate the databases used for the development of models for these properties. Indeed,
if some properties like the flash point or flammability limits are relatively largely provided for pure
compounds in the DIPPR!* or the ChemSafel?® databases, consolidated datasets are more difficult to
find for some other properties (like explosive properties) or specific substances (like self-reactive
substances and mixtures). For this reason, the collection and analysis of available data in literature
represents an important working step in the development of models. Dedicated experimental
campaigns were even specifically conducted in some cases?* 22,

Molecular descriptors encode the molecular structure of the chemical compounds. Thousands were
developed among the decades!?* 2%, calculated from simple elemental formula, from the 2-dimension
or 3-dimension structures (after quantum chemical optimizations). Different types of descriptors can
be found:

- Constitutional descriptors, like the occurrence and count of particular features in molecules
(atoms, bonds, fragments, functional groups);

- Topological descriptors encoding molecular structures from molecular graphs and related to
their size, shape or ramification rate;

- Geometric descriptors that characterize the 3D structure of molecules, like interatomic
distances, angles, dihedral angles, molecular volume and surface areas;



- Quantum chemical descriptors obtained from quantum chemical calculations and related to
electrostatic properties (e.g. atomic charges) or reactivity (e.g. bond dissociation energies).

The choice of the descriptors used to develop models is dependent on the target chemicals, on the
property under investigation and on the level of complexity expected for the models. Indeed, simple
models only based on descriptors that can be calculated from the SMILES codes or the count of
functional groups on a 2D molecular structures are easier to use but can be less predictive and chemical
comprehensive than models including quantum chemical descriptors presenting a chemical insight
with the property under investigation. For this reason, several software has been used for the
descriptors calculation, mainly Codessa!®®! and Dragon?®, based on different types of input molecular
structures, from SMILED codes to 3D structures optimized using the density functional theory (DFT) as
implemented in Gaussian program!?”). Some external descriptors were also proposed, like Oxygen
Balances!® 28, widely used in the safety of explosives, or quantum chemical descriptors related to
reactivity (like conceptual DFT descriptors?®) or to specific functional groups like atomic charges in
peroxy or nitro bonds. It should also be kept in mind that the interpretation of QSPR models in terms
of chemical properties depends on the descriptors on which it is based. The chemical interpretation of
some of them (notably topological indices) are not fully intuitive and limited to general aspects like the
size, compacity or level of ramification of molecules, which can make the structure-property
relationship, in the field of physical hazards, less straightforward than models focused on specific
behaviors of functional groups related to explosive properties.

Different forms of models can be found depending on the method used to derive it 3!: artificial
neural networks (ANN), partial least squares (PLS), support vector machines (SVM), decision trees and
multilinear or nonlinear regressions (MLR and NLR, respectively). If multi-linear regressions are very
simple to finally use, some others like neural networks could need more implementation efforts to be
used once developed. Multi-linear regressions can be also relatively easy to analyze in terms of
chemical interpretation of the trends associated to the descriptors involved in the model, even if more
complex methods like ANN can be more reliable to account for non-linear trends. Decision trees are
also easy to use and interpret for qualitative predictions in classes of hazards, like “HIGH” vs “LOW”.

The descriptors included in the final model are selected to avoid at best any over-parameterization of
the model that would lower its predictive power. Several data mining strategies can be used 32!, For
instance, in the case of MLR models, stepwise methods, like the Best Multi Linear Regression technique
(BMLR) implemented in Codessal?, or genetic algorithm (GA), as in QSARINSE3 3%, can be used to
evidence the set of descriptors representing the best compromise between the quality of fit of the
model and the chemical meaning of the included descriptors. In general, only small datasets are often
available in the field of physical hazards. For this reason, the selection of descriptors is of critical
importance and models included few chemical comprehensive descriptors were in general preferred
to highly parameterized models.

Because predictions of physical hazards can be used in regulatory context or for risk assessment
purpose, particular attention was paid to the validation of the models. A series of internal and external
validations are performed>38, Leave-on-out and leave-many-out cross-validations are performed to
evaluate the robustness of the models. Y-randomization methods ' are used to ensure against chance
correlation. The predictive power of models is then evaluated on an external validation set using a
series of the statistical indices: R%x;, MAE ex;, RMSE ey, Q2%r11%% %Y, Q%5142 Q2::*%, cCC, 12, and Ar?, 7.



When analyzing the performances of models for physical hazards, it should be kept in mind that only
small datasets are in general available. So, validation sets are in general small too. This impacts not
only the performances of models but also the precision of statistical indices themselves. For this
reason, some models presenting the highest validation indices were not finally selected because the
improvement of statistical performances was not large enough compared to models presenting a
better interpretation or being easier to use.

At last, the applicability domain (AD) of the models, i.e. the domain in which predictions can be
expected to be accurate, is systematically defined. The definition of AD can be done using different
kinds of tools as reviewed by Jaworska et al.[**! or Eriksson et al.[*®!. One of the simplest ways to proceed
is to define the ranges of values of property and descriptors (for those included into the model) in the
training set but other methods were also used like the leverage approach as implemented in QSARINS
software33 34,

3. Development of QSPR models for the physical hazards of energetic and reactive
materials
3.1. Energetic materials: models for nitro compounds

The first developments engaged in 2007 focused on the explosive properties of nitro compounds. A
series of models were developed based on different datasets found in literature for different
properties involved in the characterization of potentially explosive substances. Based on a small
dataset of 22 nitroaromatic compounds!®’), first studies targetted the heat of decomposition, a pre-
selection criterion for the classification of explosive substances!®. If this dataset was not large enough
to achieve an external validation of models, it allowed initiating the setup of the method, notably by
investigating the relevance of quantum chemical descriptors!*® 4%l and, in particular, those issued from
conceptual DFT®%, From then, models were developed for different physico-chemical hazardous
properties and for different families of compounds for which prediction models were lacking or for
which improvement of existing prediction models was possible.

On the heat of decomposition (AH) of nitro compounds, the availability of a larger dataset™" allowed
the obtention of models with an external validation to evaluate its predictive power. The most accurate
ones focused on nitrobenzene derivatives presenting no substituent in ortho position to the nitro
group?®>4, Indeed, theoretical studies on the decomposition of nitrobenzenel®® and o-nitrotoluene
derivatives®® demonstrated nitroaromatics with ortho substituent could present specific
decomposition mechanisms. So, considering only non-ortho substituted compounds allowed focusing
on compounds following, at best, a same subjacent reaction mechanism. The best models obtained
based on this assumption consisted in the four-parameter multilinear regression presented in Eq. 2,
based on quantum chemical descriptors calculated by Codessa'® from molecular structures optimized
at PBEOP”!/6-31+G(d,p) level.

-AH =0.8 G—3.8 WPSA1 —4255.1 Qmax + 26.8 RPCS — 251.2 (2)

with G the gravitational index, WPSA1 the weighted positive surface area, Qmax the maximal partial
charge and RPCS the relative positively charged surface area.

This model was fitted on a training set of 31 molecules with a mean absolute deviation of 12% and a
R? of 0.90 after a descriptor selection performed using the BMLR technique as implemented into



Codessa softwarel®®. Its robustness was demonstrated by cross-validation with R%,=0.86. The
predictive capacities of the model, evaluated on the validation set of 11 molecules, were also good
with an observed average error of 18% and R%: = 0.84.

To favor simpler application, requiring no preliminary time-consuming quantum chemical calculations,
a model only based on constitutional descriptors was also developed (Eq. 3)%.

-AH =-594.5 + 2381.6 Ngp,re1 + 306.5 Nnoz — 791.4 Nojrei + 83,4 Nconj (3)

where ngsrer and nerer are the relative numbers of double bonds and oxygen atoms, respectively, and
Nnoz and Neon; are the numbers of nitro groups and conjugated bonds.

As illustrated in Figure 1, the performances of this model are close to the ones of quantum chemical
one with R?=0.84, R%, = 0.79, R%x = 0.84 and an average error of 18% in the validation set.

In addition to the performances of models, their chemical interpretation is also an important
consideration. On this aspect, both models include descriptors related (directly or indirectly) to nitro
groups (e.g. nnoz) that are central in the decomposition reactions of nitro compounds®> ¢ and
recognized as a group associated to explosive properties!®.

A series of models was also developed for the impact sensitivity (hso%) of nitro compounds from data
extracted for the experimental compilation of Storm!®® (all obtained using a single experimental
protocol by the same laboratory). This property characterizes the tendency of the material to react
under the effect of an impact. Different QSPR models were developed for nitroaromatics,
nitroaliphatics and nitramines, even if validated models were only found for the last two families of
compounds, as shown in Table 2 for models including quantum chemical descriptors (calculated by
Codessal? from molecular structures optimized at PBE0/6-31+G(d,p) level)®®. The models for
nitramines and nitroaliphatics (in Egs. 4 and 5, respectively) present good performances in terms of
goodness-of-fit (with R? = 0.92 and 0.93), robustness (with Q%00 = 0.89 and 0.90) and predictive
capacities (with R% = 0.88 in both cases). But, if correlation and robustness could appear as also
satisfying for nitroaromatics (with R? = 0.92 and Q%00 = 0.75), external validation revealed no
predictive capacity with R%e = 0.01.

IOg h5o% =—-0.42-0.017 OB + 0.06 TE1 +50.1 No,avg +27.6 NN,avg (4)
log hsoy =—0.438 —0.018 OB + 4.07 P + 28.5 Q*noz,max + 4.76 No,max (5)

where OB is the oxygen balance as defined in the TDG regulation!®, T%; is the topological electronic
index, No,avg and Nuqv are the average nucleophilic reactivity indices for a O and a N atom, P is the
polarity parameter, Qnozmax is the maximum charge for a NO, group and Nomax is the maximum
nucleophilic reactivity index for a O atom.

As for the heat of decomposition, simpler models were also developed for the impact sensitivity of
nitramines®’ and nitroaliphatics!®¥ (in Egs. 6 and 7, respectively).

Iog h5o% =0.94 + 86.3 nc:o/Mw —0.017 0B +0.14 ncoc—0.21 nc-o (6)

Iog h5o% =1.94-253 Ny, rel + 0.07 Nsingle * 50.1 Nno2 (7)



where nc-o, Nc.o-c and nyozare the numbers of C=0, C-O-C and NO; fragments, OB is the oxygen balance
as defined in the TDG regulation[®, ny . is the relative number of nitrogen atoms, nsingre is the number
of single bonds.

The performances of these simpler models were also good with R%.: of 0.81 for instance for
nitroaliphatics. For nitramines, the simpler model in Eq. 6 presented even similar results as the
quantum chemical one with a R%e 0f 0.90 (vs. 0.88 for Eq. 4) and a RMSEex: of 0.14 (vs. 0.16) estimated
on an external validation set.

Among works engaged on nitrocompounds, the development of a model dedicated to the electric
spark sensitivity (Ecs) of nitramines may also be noticed %2, This property is defined as the sensitivity
of the energetic materials when subjected to a high-voltage discharge from a capacitor. Indeed,
initiation modes was less explored than impact. It depends strongly on experimental protocol (e.g.
configuration of electrodes). Moreover, the micro-mechanisms involved during this initiation remain
not fully elucidated® %, This model (detailed in Eq. 8) was well correlated with R? = 0.90 but, based
on a small dataset of only 26 compounds ), no external validation was possible.

EES = 2.9.6 nsingle + 63.3 NC/max + 168.4 QC/min - 27.8 VC'min + .9.9.4 (8)

where nsingle is the relative number of single bonds and N¢max, Qcmin and Vemin are the maximum
nucleophilic reactivity index, the minimum charge and valence for a carbon atom.

3.2. Reactive materials: models for organic peroxides and self-reactive substances

Models on the hazardous properties of organic peroxides were developed within the PREDIMOL
project (2010-2014) %% which aimed to evidence the potential of molecular-scale modeling for the
prediction of physicochemical properties in the framework of the European REACH regulation®.
Organic peroxides are defined by the presence of unstable O-O bonds in the molecule (as shown in
Figure 2). They are thermally unstable, can easily decompose and may lead to explosion. For this
reason, they are classified in a specific division in regulations like the UN Recommendations for the
Transport of Dangerous Goods (TDG)® and the Globally Harmonized System of classification and
labelling of chemicals (GHS)". For this class of compounds, a lack of dataset relevant for the
development of QSPR models was evidenced encouraging the setup of a dedicated experimental
campaign.

From the experimental data obtained from this campaign, models were developed for the heat and
temperature of decomposition (AH and Toser) Of organic peroxides?'. For the 38 tested organic
compounds, more than 300 descriptors were calculated by Codessa based on the structures optimized
at PBEO/6-31+G(d,p) level. Using the BMLR technique, the models Egs. 9 and 10 were then derived for
the heat and temperature of decomposition respectively.

-AH/C =54 k- 990 noo + 12934 doo + 2631 Qoo — 19371 (9)
Tonset = 144 F-OO + 29 nOO - 20 gCIp + 194 (10)

where C is the concentration in organic peroxide, 1k is the order 1 Kier shape index, noo is the number
of peroxide bonds, doo is the length of the peroxide bond, Qoo and Foo are the average Mulliken
charges and local Fukui functions on the oxygens of the peroxide bond, respectively, and gap is the
difference of the LUMO and HOMO energies.



These models were satisfactory from a statistical point of view with notably respective correlations R?
of 0.97 and 0.84 and predictivity R% of 0.81 and 0.83 in their applicability domain. They are also
chemically interpretable with descriptors chemically relevant, because related to the peroxy bonds,
whose homolytic cleavage is critical in the decomposition mechanism of organic peroxides!®” %8,
Once again, models focused on simple descriptors were also searched and a relevant model was found
for the heat of decomposition (in Eq. 11). Even if slightly less predictive than the quantum-chemical
one in Eg. 9 with R%y = 0.80 in its applicability domain, it is easier to use since it is only based on
descriptors that can be manually determined from the 2D structures of the target organic peroxide.

-AH/C = - 663 noo — 699 noor —4.79 OB + 11 Nsingie — 2036 (11)

where noo and noon are the numbers of O-O and O-OH bonds, OB is the oxygen balance according to
the TDG regulation!® and nsingre is the number of single bonds.

Beyond the models developed within the PREDIMOL project, these data were also used by other teams
notably to develop QSPR models based on other methods and tools!®® 7

Work on organic peroxides has also been continued, in the HAZPRED project??, with aim to extend
investigations to other properties of organic peroxides and in particular to the self-accelerated
decomposition temperature (SADT) which is not only used as a classification criterion but also to
determine the control temperature possibly required for safe transport®. On this property, few QSPR
models were proposed in literature *73, The obtained performances are already promising, despite
some possible lacks in the used datasets in term of details on the tested samples and on the
experimental protocols. Indeed, some commercial OP are mixtures, some are strongly diluted in
solvent and different protocols can be used to determine the SADT. Nevertheless, they encourage
further efforts to improve the data consolidation on organic peroxides.

In this project, self-reactive substances were also studied??. These materials are defined as thermally
unstable substances liable to undergo a strongly exothermic decomposition without participation of
oxygen (air). No QSPR model dedicated to this class of compounds was found in literature, due to the
lack of enough consolidated experimental data. For this reason, data collection was engaged among
literature. Moreover, an experimental campaign was conducted at BAM (Germany) on a series of
samples provided by Bayer. These results were used in the first QSPR studies on these substances. At
first, a partial least square (PLS) analysis was performed using SIMCA P+74 on 45 substances based on
more than 1900 molecular descriptors calculated by Dragon softwarel?® from SMILES codes. This
preliminary study encouraged the development of models focusing on the heat of decomposition, that
have been engaged using a GA-MLR methods as implemented in QSARINS software. The models issued
from this last study will be soon published and demonstrate encouraging performances (considering
the small quantity of available experimental data) to access first estimations of the heat of
decomposition of self-reactive substances for instance for screening purpose to optimize experimental
campaigns.

3.3. Towards mixtures

If the development of QSPR models in the recent years enlarged the availability of models to predict
physico-chemical properties”” and physical hazards!*” 7578, this approach remains still mainly limited
to pure compounds. Indeed, only few recent works are dedicated to mixtures'’?, despite the fact that
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the substances used in industrial processes are often mixtures. For this reason, efforts were engaged
at Ineris on the use of QSPR models for the physical hazards of mixtures starting with the flash
point (FP) of organic mixtures.

The flash point is the temperature at which the vapor above a flammable liquid ignites under the effect
of a pilot flame™ and is a key flammability property of liquids in the assessment of process safety issues
and in various regulatory frameworks related to the transport, storage and use of chemicals!® 7 8,

Numerous models exist to predict the flash point of pure compounds®Y. Besides, two models were
developed in the PREDIMOL project specifically for amines and organic peroxides'®, even if the
concept of flash point as to reflect the flammability hazard of organic peroxides is limited due to
potential decomposition issues, in comparison with conventional flammable liquids.

In the case of mixtures, thermodynamic mixing rules can be used to estimate the flash point of mixtures
based on the knowledge of those of its constituents. In 1982, Gmehling and Rasmussen!®3! proposed
to combine a vapor-liquid equilibrium model (UNIFAC®) and the Le Chatelier rule (to account for the
flammability of vapor mixtures). More recently, this method was adapted by Liaw®>! and successfully
applied to various types of mixtures including ternary®, partially miscible’®”’ and aqueous mixtures®,
even if some limits were also evidenced, notably for chlorinated mixtures®®?. Moreover, these mixing
rules require knowledge on data on their constituents, and in particular their individual flash points.

To solve this problem, a first approach tested by Ineris consisted in using QSPR models to provide the
flash point of the pure compounds. For instance, the combination of QSPR models like the one of
Carroll® with the mixing rule of Liaw demonstrated reliable estimations of flash points for binary
mixtures®, including miscible as partially miscible ones, and revealed also relevant for ternary
mixtures®?.

In a second approach, the QSPR methodology for pure compounds was adapted to develop new QSPR
models for the flash point of mixtures by introducing mixture descriptors in the models®3. These
mixture descriptors Dmix were defined using mixture formula combining the molecular descriptors d; of
the different constituents of the mixture and their respective molar fraction x; in the mixture as
presented in Eq. 12.

Drmix = f(x;d)) (12)

Based on 9 mixture formula and more than 250 molecular descriptors (calculated with Codessa), more
than 2400 mixture descriptors were calculated. The used dataset was composed of 650 flash point
data for 60 binary mixtures (in different concentrations), found in literature and selected to be
obtained in homogeneous conditions using closed cup apparatus in accordance with regulatory
requirements!® %, A specific attention was paid to the partition of the dataset into the training and
validation sets. Indeed, as pointed out by Muratov et al.”?), the presence of the same mixture in both
sets (even in different concentrations) could lead to an over-estimation of the predictive power of the
model. Using a “mixture-out” partition, no mixture of the validation set was also represented in the
training set. Even if the obtained model®, presented in Eq. 13, offers lower performances (with a MAE
of 7.3°C in prediction) than the use of QSPR predictions to obtain the flash points of the pure
compounds for inclusion in mixing rules (MAE = 2.9°CP¥), this approach could be useful when no mixing
rule can be used, e.g. for other properties or in absence of relevant liquid-vapor equilibrium model.



FP(°C) = 20.3 + 28.6 3(x; T¢) + 24.6 3(\[x; °) + 59.6 3(\/x; Vixvz) + 315.0 3(\/x; Quymax) - 107.6
3(x; Vimin) + 2.0 (506, ))>  (13)

where Tf is the topographic electronic index (all bonds), 3y is the Randic index (order 3), Qumaex and
Vi,min are the maximum partial charge and the minimum valence for a H atom, u is the dipole moment
and Vxyvz is the molecular volume/XYZ box.

Besides, this approach and the proposed mixture formula have been recently successfully used for
other properties like lower flammability limits®®®, auto-ignition temperatures®” and even the mixture
toxicities of antibiotics and pesticides!®®.

4. Favoring extended and robust use of QSPR models for safety applications

In addition to its research for the development of QSPR models dedicated to physical hazards, Ineris
engaged efforts on their diffusion and towards their robust use in regulatory context and for safety
applications.

4.1. Robust application of QSPR model

The safety of reactive materials is strongly framed by regulations like the United Nations TDG and GHS
Recommendations!® 7 or the European REACH regulation®®. In the perspective of use of QSPR
predictions into regulatory context, OECD (Organization for Economic Co-operation and Development)
proposed five validation principles“”! that guided the methodology of development of QSPR models
for physical hazards at Ineris.

Principle 1. A defined endpoint. This definition includes the experimental protocols and conditions
associated to the data used to develop the model. Even if not always possible, a single protocol should
be used for sake of homogeneity. Concerning physical hazards, it may be checked because different
standard protocols exist and can be adapted to investigate specific process situation. For instance, in
the case of flash point, closed cup measurements are in general more conservative than open cup ones
by about 10°C™™ and are in general recommended for the regulatory classification of flammable
liquids™. For this reason, the models developed for the flash point®® %! were fitted only using closed
cup data.

Principle 2. An unambiguous algorithm. This principle favors the correct application of the model in
future uses. It includes the details of the algorithm of the model and the computational details related
to the calculation of the descriptors, e.g. the quantum chemical level of theory. In the case of
commercial tools (that implement the model or descriptors), the full algorithm can be complex and/or
proprietary. In such case, it is important to provide not only the parameters used in the tool when used
but also its version. Indeed, software are subject to updates to improve algorithms, to increase their
reliability, enlarge their field of application or improve their computer performances or ergonomic
aspects. So, different versions of a same software can provide different answers. For this reason, the
version of all software must be also clarified.

Principle 3. A defined applicability domain. The definition of the applicability domain can be not
limited to statistical considerations in terms of property and descriptor values but also in terms of
subjacent mechanisms. For instance, the domain of applicability of model in Eq. 2 is limited to the
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prediction of heats of decomposition for non-ortho substituted nitroaromatics due to the possible
deviation in the decomposition mechanisms in presence of ortho substituents™3!,

Principle 4. Appropriate measures of the correlation, robustness and predictive power of the model.
In this principle, OECD recommends the external validation of models based on an external test set, in
addition to internal validation methods like cross-validation and Y-randomization. This external
validation may nevertheless be done with caution because the availability of a relevant test set is
sometimes difficult. Indeed, in the field of physical hazards, the available datasets are relatively small.
Moreover, in the case of mixtures, the definition of the test set should include at best mixtures that
do not include constituents present in the training set, as recommended by Muratov et al.l”?!,

Principle 5. An interpretation of subjacent mechanisms, if possible. To fulfill this principle, models
including chemical comprehensive descriptors were favored. For instance, the models developed for
decomposition properties (heat, temperature of decomposition, impact sensitivity) include descriptors
related to molecular features involved in the decomposition mechanism of the target compounds (NO;
for the nitro compounds and -O-O- for organic peroxides).

It is worth noting that these principles do not give acceptance criteria of models ensuring that all
predictions issued from them should be considered as reliable and accepted. Besides, there is no
uniqgue measure of model acceptability and it can depend on the context in which the model is applied.
They intend to highlight the robustness of the model development and to give the information needed
to justify a correct and relevant application of models in view of regulatory acceptance!®. Additional
guidance may be followed to ensure the good use and report of QSPR predictions, as those proposed
by the European Chemicals Agency (ECHA)!®>-101,

At first, a QSPR model is based on the identification of correlations among a defined set of data. For
this reason, it can be considered as predictive only in a defined applicability domain in terms of
chemical diversity and in terms of property domain. Predictions out of its training domain (by
extrapolation) can’t be considered as reliable. Moreover, the target of the model and the final
prediction should be relevant for the expected use of the predicted data (especially in regulatory
context). So, to achieve robust predictions, the following steps should be successfully fulfilled.

Step 1: Choice of the model.

At first, the model should be relevantly chosen. Of course, it might at best fit the validation principles
proposed by OECD. But it must also be selected in terms of target endpoint and chemical diversity. For
instance, within a regulatory context, the model should target properties as determined according to
specific protocols. So, they should be trained on data obtained according to these requirements. This
is notably the reason why the model developed for the flash point of mixtures (in Eq. 13) was trained
for experimental data obtained according to the closed cup ASTM D58 standard which is among the
recommended protocols in regulations!® %4,

The scope of the model must also be checked in term of target substances. Some models, even large,
can be not applicable to particular compounds, depending on the composition of its training set.
Others are focused on specific ones like the model presented in Eq. 2 dedicated to heat of
decomposition of nitroaromatic compounds without ortho substituent. In this last model, this
limitation is important since ortho substituents may affect the decomposition reactions of
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nitroaromatics. So, users should check if the structural features (e.g. functional groups or meaningful
fragments) of the target chemical are represented in the training set and can even enforce it if the
subjacent mechanism is known to be the same for the target chemical than for those of the training
set.

Step 2: Correct application of the model.

Then, the model must be applied according to the exact procedure defined by its developers. This
concerns not only the algorithm but also the way its descriptors are calculated. In the case of quantum
chemical descriptors, computational details, like the basis set and the method (e.g. functional), must
be followed.

Step 3: Check of the applicability domain.

A refined analysis of the applicability domain should be done. At first, it may be checked if the
descriptor values for the studied compound belong to the applicability domain as defined by the
authors. Unfortunately, only recent models present such applicability domain definition!’®!. However,
such analysis can be done afterwards based on the descriptor values of the compounds in the training
set. For instance, it can be checked if the descriptors are calculated within the ranges of descriptor
values within the training set. It should be similarly checked if the predicted value also belongs to the
range of property values of the training set.

Step 4 : Analysis of structural analogues.

The presence of close structural analogues in the training set of the model can be considered as
increasing the reliability of the prediction. Moreover, the prediction for these compounds can give a
better idea of the level of accuracy of the prediction. The more similar is an analogue and the more
similar should be the level of accuracy of its prediction.

This can be also complemented by the search of additional structural analogues out of the training and
validation sets that could be more similar to the target compounds and which reliability of prediction
could be even more relevant than analogues of the training set to estimate the reliability of the
prediction. Nevertheless, it should be kept in mind that the model may target a specific protocol. So,
the experimental data found on the structural analogue must be issued from a relevant protocol. For
instance, in the case of the flash point, to evaluate a prediction issued from the model in Eq. 13, the
experimental data on the analogues should be obtained by a closed cup apparatus, as those of the
training set of the model.

Step 5: Analysis of the adequacy of the prediction.

This step consists in checking if the obtain prediction can be used. Beyond the relevance of the target
endpoint of the models, a prediction can reveal not adequate for a decision making depending on its
value, its level of reliability and the nature of the decision to be taken.

For instance, only the more accurate predictions should be considered when close to a regulatory
threshold whereas larger uncertainty can be enough when the prediction is largely conservative
compared to the threshold. For example, heat of decomposition is one of the pre-selection criteria for
explosive substances in the UN Manual of tests and criterial®. If a substance presents a heat of
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decomposition lower than 500 J/g, it should not be considered as eligible for classification as explosive
substance. So, for this property a predicted value largely higher than 500 J/g could be easily considered
adequate to engage the full experimental procedure to evaluate to possible classification of the
substance as explosive (class 1) whereas a prediction slightly lower than 500 J/g should be of very high
accuracy to be enough to exclude a possible classification in class 1.

A precautionary principle should be recommended when considering this adequacy. Prediction with
the highest uncertainty and the most severe impact in case of errors should be considered in the most
conservative way, i.e. avoiding possible underestimation of the hazard, by applying safety margins or
by affecting the more severe hazard level.

Finally, to demonstrate that models and predictions satisfy these recommendations, specific
documentations can be used. As illustrated in Figure 3, the QSAR model reporting format (QMRF)
summarizes the compliance of the model with the OECD principles whereas the QSAR prediction
reporting format (QPRF) summarizes all information that demonstrate the relevance of predictions for
the expected usel®,

At this point, it may also be kept in mind that QSPR predictions, even when adequacy is good, can
always be complemented by other additional experimental or theoretical arguments to enforce
decision making. For instance, when several applicable models are available, the results obtained from
the different relevant models can be analyzed. This is particularly relevant when the different models
are independents in terms of algorithms and training set. This concept is notably exploited in so-called
consensus models 1921031 that combine different models to give a final prediction. Unfortunately, for
most of physical hazards, even when several models exist, they often are issued from the same
database.

Beyond the application for the classification of hazardous substances, such approach can also be used
to provide unknown safety data in process safety analysis. One interesting case concerns the
flammability of liquid mixtures. When the flash point of a mixture is unknown, a commonly used
assumption, thought as conservative, consists in taking the flash point of the most flammable
constituent as the one of the mixtures. This assumption can be good for mixtures presenting an ideal
behavior but fails for mixtures presenting a minimum flash point behavior, as for the n-octane/ethanol
mixture, as shown in Figure 4. In such case, the flash point of the mixture is lower than the one of the
pure compounds meaning a higher flammability. On the contrary, the predictive method combining
mixing rule and QSPR models succeeds to account for this specific behavior and provides good
estimations of the flash point (with an observed mean error of 1.9°C).

4.2. Diffusion and training activities

Even now, the number of models available for the prediction of physical hazards keeps limited in
comparison with the large number of models existing for (eco)toxicological properties. So, efforts have
been engaged in the diffusion of models to favor their use by industrials and regulators. Indeed, up to
now, none of the 154 models listed in the JRC QSAR database!**¥ (in March 2020) concerns physical
hazards. If many free and commercial tools include QSAR/QSPR models to predict (eco)toxicological
and even some thermophysical properties like boiling point or octanol-water partition coefficient!””,
physical hazards are rarely represented. The only exceptions concern some flammable properties of
gas and liquids (flammability limits, flash point and self-ignition temperature).
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For this reason, Ineris initiated efforts for the diffusion of some of its models in such tools. This process
has been initiated with the OECD/ECHA QSAR Toolbox 1!, This free software aims to increase the
regulatory acceptance of QSAR/QSPR methods to make them more accessible, transparent, and lowly
demanding in terms of infrastructure costs'®. It notably includes QSAR and QSPR models
implemented after acceptance by an expert comity on their scientific validity and the technical
feasibility of their implementation.

Considering this last point, only the simpler models of Ineris were proposed for integration in the QSAR
Toolbox. The first proposed model was the model based on constitutional descriptors dedicated to the
prediction of the impact sensitivity of nitroaliphatic compounds!®¥ presented earlier in Eq. 7. In
addition to its simplicity (for implementation and use), this model was chosen because its target
endpoint is of regulatory interest and because it complies with the five OECD validation principles as
described below:

Principle 1. A defined endpoint. This model is dedicated to the impact sensitivity of nitroaliphatic
compounds which is one of the most important property to classify explosive substances according to
the CLP® and TDG!® regulations. All the data were extracted from the compilation of data proposed
by Storm et al.’® that gathered experimental results issued from a same protocol, by drop weight
impact test.

Principle 2. An unambiguous algorithm. The final model is the multilinear regression presented in
Eg. 7. The descriptors can be extracted from the simple 2D molecular structure and were selected
using the stepwise Best Multi Linear Regression algorithm in Codessa software?.,

Principle 3. A defined applicability domain. This model is applicable to nitroaliphatics presenting
impact sensitivities between 6 and 300 cm. In terms of descriptor domain, their range of applicability
are the following:

- relative number of nitrogen atoms: 0.118 to 0.250;
- number of single bonds: 11 to 44;
- number of nitro groups: 2 to 12.

Principle 4. Appropriate measures of the correlation, robustness and predictive power of the model.
This model was validated using a series of internal and external validations that demonstrated good
performances in terms of:

- goodness-of-fit: R2=0.88 and RMSE = 0.17;

- robustness by cross-validation: Q%00=0.85, Q?10cv=0.84 and Q?scy=0.85;

- chance correlation by Y-randomization: R%s=0.09 and SDys=0.07;

- predictive power by external validation: R%=0.81, RMSE = 0.22, Q%:;=Q%,=0.81, Q%3= 0.83
and CCC=0.93.

Principle 5. An interpretation of subjacent mechanisms, if possible. Concerning chemical
interpretation, the number of nitro groups is particularly to be noticed. At first, nitro groups are among
the functional groups identified as associated to explosive properties!®. Secondly, the primary cleavage
of the C-NO; bond is known as critical in the decomposition mechanism of nitroaliphatic

compounds!?’],
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After examination by the expert comity, this model was accepted and implemented into version 3.3 of
the QSAR Toolbox in December 2014. Two other simple models were proposed recently by Ineris: for
the impact sensitivity of nitramines (Eq. 6) and for the heat of decomposition of organic peroxides (Eq.
11). They also comply with the OCDE principles and are simple enough to be implemented in the
Toolbox. They were also evaluated as relevant for integration and their availability could be expected
in a future version of the QSAR Toolbox.

These three models were also proposed for integration in the QSAR DataBank (QsarDB)% 109,
Managed by the Institute of Chemistry of Tartu University (Estonia), this platform lists more than 200
models for both (eco)toxicological and physico-chemical properties. Each model is provided with the
associated QMREF file and the datasets used for its development when available. It even allows
predictions from some of them. In this case, a prediction module calculates the descriptors, the
predicted property value and analyses of their compliance with the AD of the model. It also provides a
list of similar compounds found in the dataset used to develop and validate the model to evaluate the
reliability of the predictions on structural analogues. Finally, it allows the edition of a first draft of QPRF
file that can be completed by the users.

The three models have been integrated in the platform*'®1%2 The details on the models are provided
as the full databases used to derive the models. It also allows search for data in the databases and
identification of structural analogues. For the model for nitroaliphatics!® 1%, it is even possible to
perform predictions from the prediction module.

To favor the diffusion of good practices in the development and use of QSPR models, Ineris also
engaged in the sensibilization of industrial users and regulators on methods based on structural
similarity (QSAR/QSPR, read across). Training sessions are proposed to potential users and evaluators
of predictions for both toxicological and physico-chemical properties.

4.3. Towards in silico design applications

The development of new substances, devices or processes is often costly and time-expensive. This is
particularly the case when hazardous substances are involved. Indeed, in such cases, risk assessment
should be conducted before being placed on the market based on sometimes important experimental
test campaigns. Besides, these tests are needed not only in the perspective of proposing a product on
the market but also for the risk assessment associated to their production, storage and use. In general,
physical hazards are only tested for the solutions identified as the most relevant for the target
application after various R&D steps focused on the expected functionalities and economic
considerations. But if these solutions revealed unsafe, safety barriers should be added. In the worse
cases, the product must be completely canceled, ruining months of R&D efforts.

The availability of predictive method gives the opportunity to anticipate physical hazards earlier in the
development of new substances in a safer-by-design approach. Indeed, the use of QSPR models do not
require any experiments and estimations of properties can be obtained even before any synthesis. For
this reason, they can give first estimation of physical hazards to eliminate as earlier as possible
candidates, presenting too severe hazard potentials. They also represent interesting screening tools to
select among a series of potential candidates the ones with possibly the lowest safety constraints even
before synthesis and experimental characterizations.
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It can be for instance used for the identification of safer formulations. Predictive methods have notably
been used to define the diluent concentration required to lower the flammability of dimethylamine
(DMA) aqueous solutions™'3l, 40% DMA solution presents a very low flash point (below 0°C),
corresponding to a very high flammability level. As a consequence, important safety barriers are
required for its storage. A way to reduce this flammability is the dilution in water to reduce the
concentration in DMA. Predictions highlighted that increasing water concentration can help to increase
its flash point and that a 5% solution would present a flash point of about 32°C which would change
the classification of the solution from Flammable liquid of category 2 to category 3 (in the European
CLP regulation®) and reduce the constraints related to its storage and use. These theoretical results
encouraged further experimental test on this 5% DMA solution that confirmed the relevance of this
new concentration for safer storage.

5. Conclusions and Perspectives

Chemoinformatics is a fruitful field of research for different application domains. The recent
developments conducted on energetic materials and for physical hazards demonstrates the potential
of such approaches as a tool to anticipate safety issues when using potentially hazardous substances,
devices and processes. After about a decade of research, the methods and models developed by Ineris
are fully part of the tools used by the institute in its expertise for industries and regulators,
complementary to experimental testing.

However, the QSPR approach presents some limitations that must be considered:

- QSPR models are correlations methods. So, they are only applicable for compounds similar to
their training set. Moreover, their performances are limited by the accuracy of the
experimental data used to develop them;

- Almost only the most recent models (developed in the last two decades) fulfilled the OECD
validation principles for use in regulatory context, in particular concerning the external
validation and the definition of the applicability domain;

- QSPR models are based on molecular descriptors. For these reasons, they do not account for
polymorphism and the influence of solid-state structures;

- QSPR models do not account for the temperature or pressure dependency of the predicted
property. Models are in general developed for a property in specific experimental conditions
(e.g. the flash point at standard pressure conditions);

- If some models are dedicated to mixtures, impurity effects are not considered;

Notably for these reasons, some scientific challenges remain:

- Despite the increase of works published in this field, most of the properties associated to
physical hazards remain to be investigated in structure-property studies. For instance, no
model exists for oxidizing properties or for the corrosivity for metals. Some of them could
besides represent methodological challenges (in particular for solid state properties);

- Existing models remain mainly limited to the most common families of compounds (like
nitroaromatics or nitramines among explosive compounds). But research (on energetic
materials, notably) investigates a larger diversity of compounds, like high nitrogen content
energetic materials*** or energetic salts!**°l. So, the search of models for emerging energetic
materials could be waited;
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- The development of models for mixtures is still at its beginning and its application of some
properties of energetic materials, in particular in the case of solid (with non homogeneous
mixing like in liquids or gas), could be particularly challenging;

- Atlast, improvement of models could also be expected when considering the small size of the
databases on which they were trained. The consolidation of extended reliable database could
represent a real driver towards the improvement of models and the extension of their
application fields. Large database could offer better fitting of the models and open better
opportunity for deep learning methods more adapted to large datasets.

It may be noticed that chemoinformatics studies conducted at Ineris for the prediction of physical
hazard are complemented by quantum chemical tools in process safety evaluation. At first, quantum
chemical descriptors are calculated based on density functional theory calculations, as illustrated in
this paper. Moreover, the detailed reaction mechanisms of hazardous reactions are investigated
theoretically. These mechanistic studies favor a better understanding of these hazardous phenomena
at a molecular level. For instance, the peroxidation of ethers was deeply analyzed to evidence the main
reaction steps leading to the accumulation of peroxide species in long term storage of biofuel
formulations, that decrease the fuel performances and can even cause accidents due to the reactivity
of organic peroxides. Once the main reactivity scheme evidenced for the diethyl ether!*'®, application
to other ethers!*'”! was performed to evaluate their relative potential for peroxide accumulation. Then,
inhibition reactions were also studied to identify the best peroxidation inhibitor for a given ether
among the ones commonly used in industrial formulations!**¥), Reactions between substances are also
investigated, as in the case of chemical incompatibility. For instance, pure ammonium nitrate is stable
in normal conditions but can become hazardous is contact of incompatible substance. This
incompatibility caused several major accidents. By comparing the detailed decomposition mechanisms
of pure ammonium nitrate 1 with its reaction in presence of various additives and contaminants
presenting incompatible (like Dichloroisocyanuric Acid ?”) or compatible behavior (like calcium
carbonate "2Y), new insight in the compatibility or incompatibility process were figured out. These
theoretical studied can be used to complement experimental knowledge on the risks associated to NA
formulations as used in the fertilizer industry.

At last, it should be reminded that these theoretical tools are complementary to the experimental
facilities available at Ineris for the characterization of physical hazards of energetic materials and
reactive substances and of hazardous reactions. Similar expertise is also available on (eco)toxicology
at Ineris which allows the possibility to propose extended investigations on the complete risk profiles
of substances and industrial processes for the human health and environment issued from accidental
or chronic hazardous phenomena, using a versatile toolbox of experimental and modeling methods.
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Table 1 — Physical hazard classes in the GHS regulation!”.

1 Explosives

10

Pyrophoric solids

2 Flammable gases

11

Self-heating substances and mixtures

3 Aerosols

12

Substances and mixtures which, in contact
with water, emit flammable gases

4 Oxidizing gases

13

Oxidizing liquids

5 Gases under pressure

14

Oxidizing solids

Seee®

6 Flammable liquids

15

Organic peroxides

®

7 Flammable solids

16

Corrosive to metals

8 Self-reactive substances and mixtures

17

Desensitized explosives

<:> )
el

9 Pyrophoric liquids
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Table 2 — Performances of the quantum chemical based models developed for the impact
sensitivities of nitrocompounds!>®.

Target Compounds R? Q200 RZext RMSEeyx:
Nitramines 0.92 0.89 0.88 0.16
Nitroaliphatics 0.93 0.90 0.88 0.19
Nitroaromatics 0.81 0.75 0.01 3.50
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Figure 1 — Experimental vs. Predicted heats of decomposition (in kJ/mol) of nitroaromatics using
quantum chemical and simple QSPR models (Egs. 2 3! and 3 *%, respectively)

800 : , , : : . ‘
Simple model A
= Training A Validation m!_,rﬂ' A
Quantum chemical model o
6004 © Training £ Validation 4
o
e
2 A
8 400 = A! %: .H _
S AL Y A
Q- a = iﬂﬂ@ "o
A "IN e
-
200 -+ g ]
o .-
0 ' T . T T I r
0 200 400 600 800
Experimental

24



Figure 2 — Examples of organic peroxides

di-tert-butyl peroxide dibenzoyl peroxide
(DTBP) (DBPO)
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Figure 3 — lllustration of the respective scopes of the QMRF and QPREF files
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Figure 4 — Flash point of n-octane/ethanol mixtures measured (from Liaw et al. *??!) and predicted
(by the full predictive method from Gaudin et al. °*)
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