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In this work, the fire behavior of a sol-gel in-situ hybrid Mg(OH),-epoxy nanocomposite was investigated and an
artificial neural network-based system built on a fully connected feed-forward artificial neural network was
developed to predict its heat release capacity. The nanocomposite containing only ~5 wt% loading of Mg(OH)2
promoted a remarkable decrease in heat release capacity (~34%) measured by pyrolysis combustion flow
calorimetry and in peak of heat release rate (~37%), and heat release rate (~29%), as assessed by cone calo-
rimetry, as well as a significant decrease of total smoke release and smoke extinction area about 22 and 5%,

respectively, indicating the suitability of Mg(OH), as an effective smoke suppressant. The proposed machine
learning approach may be used as a promising alternative for a cost- and time-saving prediction of the fire
performances of novel flame retardant polymer-based nanocomposites.

1. Introduction

Epoxy resins are widely used in several industrial applications, due
to their peculiar properties in terms of thermal stability and chemical
resistance [1,2]. Nevertheless, epoxy resins need the addition of suitable
flame retardants to fulfill specific standards in the aerospace and auto-
motive industry. The flame retardancy of epoxy resin can be enhanced
by either the chemical modification of the polymer matrix, or the curing
agent introducing functional moieties [3-5]. In this context, it is well
known that metal hydroxides represent sustainable flame retardants
able to work in the condensed phase. Metal hydroxides lower the heat
transfer by endothermic decomposition and convert into refractive
metal oxides acting as thermal shield and oxygen barrier during the
combustion [6,7]. Among the available metal hydroxides, magnesium
hydroxide (Mg(OH),) has shown good potentialities for improving the
fire behavior of epoxy resins [8,9]. To be effective, large amounts (7-20
wt%) of Mg(OH), are usually required [10-12], which represents a
significative downside in terms of costs and mechanical properties of the
final products. Recently, an in-situ sol-gel synthesis route was designed
to obtain Mg(OH); nanocrystals (at about 5 wt% loading) in a bisphenol
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A diglycidyl ether (DGEBA)-based epoxy resin via an eco-friendly sol-
vent-free one-pot process [13]. This methodology allows for the gener-
ation of finely and well-distributed nanocrystals, embedded in an
organic-inorganic (hybrid) network, able to increase the thermal sta-
bility of epoxy, leading to the formation of an abundant and quite stable
char in inert atmosphere [13,14]. By this strategy, in-situ hybrid epoxy
nanocomposites showing good fire behavior can be prepared, even with
low nanofiller loadings.

The development of new functional polymer-based materials with
excellent fire performances often demands the investigation of several
compositions by means of destructive tests. The possibility to predict the
results of small-scale combustion tests (e.g. pyrolysis combustion flow
calorimetry, PCFC) based on several physical and chemical properties of
polymers would contribute to reduce the research efforts, especially
during the design of a new material. In the literature, many research
groups have used publicly available data about polymer properties to
predict or optimize new polymer properties and fire parameters. For
example, the molar group contribution method can predict the flam-
mability parameters of many polymers [15,16]. However, this method is
error-prone, due to the arbitrary assignment of chemical groups, and
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shows strong limitations in the case of new materials, for which molar
contributions are not available [17,18]. Machine learning allows for
overcoming the limits linked to arbitrary assignments or human failures,
as it uses algorithms or computational methods to learn information
directly from data without relying on a predetermined equation as a
model [19-21]. Artificial neural network models involve the application
of different types of algorithms on input data [22]. Among them, a
locally weighted regression algorithm is a non-parametric regression
technique used to fit a surface or curve to a set of data points. Global
regression models assume a single relationship between the response
variable and the predictors, while local regression ones adapt to the local
behavior of the data, allowing for more flexible and localized modeling.
The local regression model fits a regression function to a subset of the
data for each target point in the dataset. The subset consists of data
points within the bandwidth of the target point. The weights assigned to
each data point in this subset depend on their proximity to the target
point, determined by the kernel function [23]. Overall, the local
regression model gives more importance to nearby data points while
downweighting or ignoring distant points: therefore, it adapts to the
local patterns in the data. Thanks to that, the model can consider even
complex relationships that may vary across different regions of the
predictor space. Local regression is extremely useful when dealing with
nonlinear relationships or when the underlying relationship between the
predictors and the response variable is expected to vary across different
regions of the data. Local regression provides a flexible and data-driven
approach to modeling that can capture local behaviors and improve
prediction accuracy [24]. Machine learning enables the prediction of
fire performances related to new products and allows for assessing their
suitability for a specific application [25,26]. Despite the potential of
machine learning, overfitting can limit the accuracy of neural network
models in predicting flammability parameters. The overfitting usually
occurs when a model is extremely reliable on training data, but it fails
when applied to never seen (i.e., not used for training the model) data.
There are several approaches to control the overfitting and improve the
accuracy of neural network models, for example increasing the size of
the training dataset, applying early stopping, employing
cross-validation, or simplifying the model architecture [27,28]. Para-
ndekar et al. predicted the heat release capacity (HRC), the amount of
char residue, and the total heat release (THR) of a set of different
polymers using genetic function algorithms [29]. In particular, they
correlated the flammability of the polymer to its chemical structure by
quantitative structure-property relationships methodology, finding a
good correlation between the polymer repeat unit structure and the
flammability parameters [29]. Lately, Asante-Okyere et al. proposed a
generalized regression neural network and a supervised learning
algorithm-based feed-forward back propagation neural network to pre-
dict PCFC results, such as HRC, THR, peak of the heat release rate, heat
release time, and related temperatures of polymethyl methacrylate using
such parameters as heating rate and sample mass [30]. Both neural
network models gave high correlation coefficients, despite some dif-
ferences in the performances during training or testing according to the
target value. With a similar approach and starting from the same input
data, Mensah et al. predicted PCFC results of extruded polystyrene using
feed-forward back-propagation neural networks and the group method
of data handling [31]. The comparison of the HRC and heat of com-
bustion prediction revealed an excellent accuracy and repeatability of
the latter method, with a mean deviation of about 4. Recently, Pomazi
and Toldy developed an artificial neural network-based system to pre-
dict the THR, the peak of the heat release, the time to ignition, and the
char residue from structural properties and results from flammability
tests (i.e. limiting oxygen index and UL-94 vertical burning test) [27].
The average absolute deviation between predicted and validated data
was below 10% in most cases. They also carried out a sensitivity analysis
of the output parameters in order to rank the input parameters based on
their impact on the output parameters [27].

In this work, for the first time, the fire behavior and glass transition
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temperature of epoxy nanocomposite containing Mg(OH), nanocrystals,
in-situ generated by sol-gel at mild operative conditions, without any
use of surfactants and following a one-pot procedure, were investigated.
The fire performances were evaluated by means of forced-combustion
tests and pyrolysis combustion flow calorimetry measurements to
collect the main parameters (e.g., HRC, THR, char residue) and shed
light on the flame retardant action of Mg(OH)2 nanocrystals during the
combustion of the nanocomposite. Also, an artificial neural network-
based system was developed to predict the HRC value of the prepared
in-situ hybrid Mg(OH),-epoxy nanocomposite from the physico-
chemical properties of polymers and their PCFC parameters. A ma-
chine learning approach was used to estimate the HRC of a novel ma-
terial and a sensitivity analysis was performed to prove the accuracy of
the implemented algorithm. Finally, the cross-validation method was
employed during the hyperparameter tuning phase (with the “X-Parti-
tioner” node) to avoid overfitting and find the best hyperparameters for
each subset of the input data.

2. Materials and methods
2.1. Materials

Tetraethyl orthosilicate (TEOS, >99%), magnesium ethoxide
(>98%), ethanol (ACS reagent, anhydrous) and 3-aminopropyl-triethox-
ysilane (APTS, >98%) were purchased from Sigma-Aldrich
(Switzerland). To prepare composite laminates, a two-component
epoxy resin system (SX10 by MATES S.r.l., Milan, Italy), consisting of
bisphenol A diglycidyl ether (DGEBA) and modified cycloaliphatic
polyamines, were employed.

2.2. Synthesis of Epoxy/Mg(OH)2 nanocomposite

The in-situ synthesis of the hybrid Mg(OH),-epoxy nanocomposite
was performed according to the procedure elsewhere reported [13], for
which the main steps are briefly displayed in Fig. 1: (i) 20 g of DGEBA
and 5.9 g of magnesium ethoxide were mixed overnight at 80 °C; (ii) 20
g of DGEBA and 3.5 g of APTS were stirred at 80 °C for 2 h, then this
mixture was added, under stirring, to the first one at 80 °C for 30 min;
(iii) ethanol (1.12 mL), distilled water (3.37 mL), and TEOS (TEO-
S/APTES molar ratio as low as 1.25) were added to the main batch at
80 °C under reflux for 90 min. Finally, the reaction vessel was opened
and left at 80 °C for 30 min to completely remove water and ethanol. At
room temperature, ~10.4 g of hardener was added to the mixture and
mixed for 5 min. Before pouring into a Teflon mold, the resulting mix-
tures underwent degassing under vacuum. Samples were cured at 30 °C
for 24 h, then post-cured at 80 °C for 4 h. The loading of magnesium
hydroxide was evaluated from the stoichiometry around 5.2 wt%.

Using this procedure [32-34], both twinned Mg(OH), nanocrystals
with a pseudo-hexagonal symmetry and multisheet-silica nanoparticles
were obtained in the epoxy matrix (Fig. 1) [13].

The in-situ hybrid Mg(OH),-epoxy nanocomposite will be coded as
EPO-Mg throughout the whole text, while the acronym EPO will be used
for the unmodified epoxy resin.

2.3. Characterization

Differential scanning calorimetry (DSC) measurements were per-
formed under a Nj flow (50 mL/min) using a DSC 214 Polyma instru-
ment (NETZSCH-Geratebau GmbH, Selb, Germany). The measurements
were carried out according to the following cycles: 1st heating up from
20 up to 300 °C at 10 °C/min, then cooling down up to 20 °C at —10 °C/
min, and finally 2nd heating from 20 up to 300 °C at 10 °C/min. The
glass transition temperature was evaluated on the 2nd heating curve.

The fire behavior of the prepared samples was deeply investigated
through forced-combustion tests. In particular, a cone calorimeter
(CQC), as Noselab instrument (Nova Milanese, Italy), working with a 35
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Fig. 1. Overall procedure for the synthesis of hybrid Mg(OH),-epoxy flame retardant nanocomposites. DGEBA: bisphenol A diglycidyl ether; APTS: 3-aminopropyl-
triethoxysilane; TEOS: tetraethyl orthosilicate. On the left with blue and yellow colours, twinned Mg(OH), nanocrystals with a pseudo-hexagonal morphology and a
few multisheet-silica nanoparticles are represented, respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web

version of this article.)

kW/m? irradiative heat flux and placing the samples (50 x 50 x 2 mm®)
in horizontal configuration was used, following the ISO 5660 standard.
Several parameters (namely, time to ignition (TTI, s), peak of heat
release rate (pHRR, kW/m?), total heat release (THR, kW/m?), total
smoke release (TSR, mz/mz), specific extinction area (SEA, mz/kg), and
the residues) of samples were measured. With respect to pyrolysis
combustion flow calorimetry, CC involves the use of a spark to trig the
flaming combustion of volatiles generated by heat radiation, as required
by the ISO 5660 standard. A pyrolysis combustion flow calorimeter
(PCFC, Fire Testing Technology Instrument, London, UK), following the
ASTM D7309 standard, was employed to assess pHRR, THR, and HRC. In
the pyrolysis zone, samples of about 7 mg were heated from 150 to
750 °Cat 1 K/s. Three tests were carried out on each material system and
the results averaged.

2.4. Machine learning predictive analysis

KNIME version 4.0.2 (available free of charge at https://www.
knime.com/download-previous-versions) was used as open-source
software for creating data science. The estimation of the HRC of the
in-situ hybrid Mg(OH),-epoxy nanocomposite (EPO-Mg) was performed
by a supervised machine learning approach.

3. Results and discussion
3.1. Glass transition temperature of Epoxy/Mg(OH), nanocomposite

The procedure leading to the formation of twinned Mg(OH),-based
nanocrystals with a pseudo-hexagonal symmetry in the hybrid epoxy-
silane matrix is summarized in Fig. 1. Fig. S1 shows that the in-situ
generation of Mg(OH), nanocrystals leads to a glass transition temper-
ature of 82 °C, a lower value (~14%) compared to that of the unmod-
ified epoxy resin. This finding may be due to the presence of crystalline

domains (Fig. 1) which negatively affect the polymer chains, owing to
their disturbance during the establishment of inter-chain interactions in
the curing process [35,36]. The higher glass transition of EPO with
respect to EPO-Mg may be also ascribed to more dangling segments in
the structure of the hybrid nanocomposite, resulting in a slight network
loosening effect [36,37].

3.2. Fire behavior of the in-situ hybrid Mg(OH)2-Epoxy nanocomposites

HRR curves for the epoxy system and its hybrid counterpart, ob-
tained by cone calorimetry using a 35 kW/m? irradiative heat flux,
together with fire and smoke parameters, are reported in Fig. 2a, Table 1
and Table 2, respectively. First of all, it is worth noting that the nano-
filler is responsible for an anticipation of the TTI by about 15 s (Table 1).
This finding is attributed to two main effects, i.e.: (i) the low amount
(~5 wt%) of magnesium hydroxide nanocrystals, which is not enough to
exert an effective thermal protection during the first combustion stages,
and (ii) the basic character of Mg(OH), that speeds up the kinetics of the
pyrolysis reaction occurring under the exposure to the irradiative heat
flux [7,11,38,39]. Besides, the presence of the nanofiller significantly
improves some of the thermal and smoke parameters (Table 2),
notwithstanding that its concentration is very low (i.e. 5 wt%, see sec-
tion 2.2). The residue of the hybrid system at the end of the cone tests is
almost doubled as compared to the pristine epoxy (Table 1 and Fig. 3),
hence indicating that the ceramization effect induced by Mg(OH), is
very effective in protecting the underlying polymer network from the
irradiative heat flux, slowing down the heat and mass transfer from the
surroundings to the sample and vice versa. In particular, compared to
pristine EPO, THR, pHRR, and HRR decrease by about 10, 37, and 29%,
respectively, when the nanofiller is in-situ formed in the epoxy system
(Fig. 2a and Table 1). Similarly, TSR and SEA values show a decrease of
about 22 and 5% (Table 2), respectively, hence indicating that the
nanofiller is quite effective as smoke suppressant, despite its very low
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Fig. 2. Heat release rate (HRR) curves of samples measured using (a) cone calorimeter and (b) pyrolysis combustion flow calorimetry (PCFC).

Table 1

Results from cone calorimetry tests for unfilled epoxy and its hybrid nanocomposite.

Sample TTI (s) THR (MJ/m?) ATHR (%) PHRR (kW/m?) ApHRR (%) HRR (kW/m?) AHRR (%) FRI (-) Residue (%)
EPO 46 + 4 68 + 3 - 1250 + 54 - 292 + 11 - - 3404
EPO-Mg 3148 61+7 -10.2 789 + 47 -36.9 207 + 14 -29.1 1.2 74 0.2

Table 2 classification of the material as “poor”. However, this result agrees with
able

Smoke parameters from cone calorimetry tests for unfilled epoxy and its hybrid
nanocomposite.

Sample TSR ATSR SEA ASEA CO yield CO, Co/
(m?%/ (%) m* (%) (kg/kg) yield CO,
m?) kg) (kg/kg)
EPO 2500 - 938 - 801073 201072 0.33
+ +
901072 21072
EPO- 1956 —21.7 887 —5.4 501074 501072 0.09
Mg + +
11074 60104

Fig. 3. Photographs of the char residues obtained after cone calorimetry tests
for (a) EPO and (b) its hybrid nanocomposite (EPO-Mg).

loading in the epoxy system. Finally, CO/CO; ratio remarkably de-
creases (Table 2) in the presence of Mg(OH),, hence indicating a certain
efficiency of combustion that does not inhibit the conversion of CO to
CO5 [11-13]. As a consequence, it can be argued that the flame retar-
dant action of the nanofiller is more pronounced in the condensed phase,
rather than in the gas phase. Flame retardancy index (FRI) is a dimen-
sionless parameter that has been extensively used to compare the fire
performances of flame retardant polymer-based systems with the ones of
their unmodified counterparts [40-42]. Thanks to FRI, it is possible to
rank the material and evaluate its fire response. As reported in Table 1,
the FRI value (1.2) of EPO-Mg is very low and only allows for a

what was observed for in-situ silica-epoxy systems [3,43], for which a
condensed phase action was also the main flame retardant mechanism.
Based on that, the chemical composition of EPO-Mg could be modified
by the addition of phosphorus (P)-based flame retardants and other
synergists. This may significantly improve the fire response of EPO-Mg,
resulting in an increase of FRI value. Besides, the incorporation of
P-based compounds and nitrogen-containing species (e.g., melamine)
may also positively affect the glass transition temperature of the nano-
composite through the establishment of proper interactions in the
polymer network, as already observed in a previous study [44,45].
Table 3 and Fig. 2b show the results of Pyrolysis Combustion Flow
Calorimetry (PCFC) tests. PCFC apparatus allows for the evaluation of
different parameters concerning the fire behavior of composites [46,47].
With respect to the cone calorimeter, the PCFC does not simulate a real
fire scenario, as the combustion of the investigated samples is not per-
formed in presence of air and does not involve the use of a spark ignition
for the flame and a heat radiation source. PCFC is a non-flaming test,
where the flaming combustion takes place in two separate chambers
[46]. Indeed, PCFC measurements involve a controlled pyrolysis of the
samples followed by the oxidation of the volatile products. This
configuration makes the PCFC very helpful to better study the gas phase
action of flame retardants [46,48,49]. The results provided by PCFC
measurements additionally confirm the flame retardant action exerted
by magnesium hydroxide in the condensed phase during the combus-
tion. Similar to other metal hydroxides, magnesium hydroxide can
reduce the heat transfer to the polymer bulk by a heat-sink effect, as its
endothermic decomposition produces refractive oxide and water. The
oxide acts as a thermal shield, in cooperation with the silica

Table 3
Results from pyrolysis combustion flow calorimeter for unfilled epoxy and its
hybrid nanocomposite.

Sample THR (kJ/g) HRC (J/g-K) PHRR (W/g) Residue (%)
EPO 26 £5 427 =11 425 £ 10 5+02
EPO-Mg 23+2 281 £ 12 236 + 13 9+05
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nanostructures, while the water dilutes the concentration of the flam-
mable gases in the gas phase [3,50]. The thermal shield not only lowers
the heat exchange but also the transfer of flammable gases and oxygen at
the boundary phase during the combustion. The combination of all these
effects results in the remarkable decrease of THR, HRC, and pHRR values
of the nanocomposite with respect to pristine EPO (Table 3 and Fig. 2b).
The protection of the ceramic shield leads to a notable increase in the
residue at the end of PCFC (Table 3), which agrees with the cone calo-
rimetry results. Some additional aspects are important to be mentioned,
which further explain the lower values of THR, HRC, and pHRR
measured by PCFC tests. Fig. 2b shows that the HRR curve of EPO is
narrow, owing to a large amount of heat released in a short time. On the
other side, the HRR curve of EPO-Mg appears flattened and broad, due to
the strong condensed phase action of Mg(OH), nanocrystals from the
first decomposition steps, leading to a slow heat release over a longer
period of time [51].

3.3. Prediction of the heat release capacity of in-situ hybrid Mg(OH) -
Epoxy nanocomposites by machine learning

Machine learning techniques allow for the formulation of complex
algorithms to describe a phenomenon that is not possible to model
through a traditional approach. The human being learns rules of general
validity from nature and usually, this learning occurs through an itera-
tive process, which slowly increases our knowledge. Taking inspiration
from this process, machine learning is a learning algorithm, as it pro-
vides specific operations to the machine that this latter will use to afford
future experiences. The machine learns by data sets, which are inserted
in a generic algorithm programmed to perform a particular function.
Artificial neural networks (ANNs) consist of a set of algorithms for
classification and regression, which have been widely used to solve
different problems [52,53]. As the biological brain, neural networks are
based on large groups of neurons connected by axons. The artificial
neurons form an interconnected network of individual neural units. The
connection between units can be reinforced or inhibited through a
combination of the input values and an activation function, which
returns the output of the neuron [19,54].

ANNS s are mainly nonlinear mathematical functions able to transform
a set of independent variables x = (xy, ..., Xp), i.e., network inputs, into
dependent variables y = (yy, ..., yx), i.e., network outputs. The obtained
results depend on a set of values w = (wy, ..., wy), which are called
weights. Eq. (1) represents the relationship between outputs and inputs
of the network:

y=f (ij * xj+b> (€8}
j

where:

e xj is the jth input

e w; is the jth weight

e b is the bias

e y is the output

o fis the activation function

During the training phase, the neuron recovers the information that
will be located in the weights and biases and used in congruent situa-
tions. The activation function, f, is generally a threshold function that
activates only neurons showing signals compatible with the threshold,
hence the signal is transferred to the next neuron or neurons. Sigmoid,
nonlinear stepped or logistic functions are some examples of activation
functions [55]. An iterative procedure is responsible for adjusting the
weights  during the training phase. This procedure is
computational-demanding and requires a certain number of input-target
pairs, which are called training sets. Indeed, in training, the values of
weights that minimize a specific error function are searched [56]. An
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ANN is usually composed of three parts, containing distinct quantities of
neurons: (i) an input level, (ii) several hidden levels, (iii) an output level.
Through the neurons belonging to the internal layers, the input signals
move from the input level to the output level, as displayed in Fig. 4.

The heat release capacity (HRC) depends on the fire behaviour and
the thermal stability of a specific material, revealing its attitude to
degrade under combustion. HRC can be used to classify the flammability
of materials and can be evaluated from PCFC results (see section 3.1) or
from additive molar group contributions [15]. As an alternative to these
methodologies, some recent research works in the literature have
demonstrated that artificial neural network (ANN) models represent a
valuable approach for the prediction of HRC of several materials [27,
57]. ANN models can be very useful in case the PCFC apparatus is not
available or low processing times (i.e., a reduced number of measure-
ments) are required to investigate the combustion properties of a spe-
cific material. Herein, by the use of KNIME, an open-source software for
creating data science and a supervised machine learning approach [58],
we developed an artificial neural network-based model to predict the
HRC value of EPO-Mg from its PCFC parameters and chemical-physical
properties (input data set, Table S1). The input parameters for the model
(columns of Table S1) consist of chemical-physical properties, HRC,
THR, and char yield of several polymers, including EPO and EPO-Mg,
whose experimental values were found in the literature [26]. A statis-
tical analysis was performed on input dataset to estimate mean and
variance of each different parameter. The results of this analysis,
collected in Table S2, clearly show the heterogeneity among the selected
classes of polymers. The physico-chemical properties of EPO and
EPO-Mg were assumed the same and equal to those of an epoxy resin
cured with an aliphatic amine hardener (i.e., EPA in Ref. [26]). For the
hybrid Mg(OH),-epoxy nanocomposite (EPO-Mg) and the pristine resin
(EPO), the values of Tg, HRC, THR, and char yield were experimentally
measured in this research work by DSC and PCFC tests, respectively. As
shown in section 3.1, the HRC value of EPO-Mg gathered from PCFC
measurements was found around 281 J/g-K and will be used, together
with the HRC values of the other polymers (Table S1), to evaluate the
reliability of the developed ANN model through a sensitivity analysis.
The validation of the artificial neural network-based system relies on the
verification of the predictive capacity of the model exploiting never used
input data. To avoid an overfitting for the model, the number of input
parameters was chosen considering the number of available
observations.

We split the input data set into two subsets: the training set and the
test set. The training set (Table S3) was employed for training the model,
while the test set (Table S4) for evaluating the model’s forecasting
capability. A measure of the model’s performance was carried out by

HIDDEN LAYER

OUTPUT
LAYER

Fig. 4. Schematic representation of a generic artificial neural network with
nodes-related weighted connections.
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assessing the accuracy of the test data. The input data (Table S1) set was
randomly split as follows: 70% of training data set and 30% of test data
set. The connection weights based on the error committed on the output
production are adjusted by the training data set that contains 34 ob-
servations. On the other side, the test data set (Table S4), containing 15
observations, represents instances available for the test and can be used
to validate the algorithm and verify the network’s forecasting capacity,
when it receives input data never seen before (HRC column in Table S3),
which will be named as “new data” in the following.

The simulation model developed in this research work is a fully
connected feed-forward artificial neural network based on a multilayer
perceptron [59,60]. Fig. 5 shows the architecture of the model based on
neural networks and the structure of each layer. The structure mainly
consists of an input layer with twelve variables (molecular weight, My;
Van-der-Waals volume, Vyan der-waals; molar volume, Vi,; density, p;
solubility parameter, 5p; molar cohesive energy, econ; glass transition
temperature, Ty molar heat capacity, C,; index of refraction and
entanglement, N; entanglement molecular weight, M,,; THR and char
yield from PCFC measurements), as shown in Table S1, one hidden layer
with six neurons and an output layer with a single neuron that returns
the predicted heat release capacity of the material.

To predict the values of HRC for EPO-Mg, our artificial neural model
performs a locally weighted regression with the use of a trained multi-
layer perceptron classifier, which performs the regression, and a k-
nearest neighbors algorithm (K-NN) [61]. We employed this supervised
machine learning algorithm to assign weights to the training data,
considering their distance from the new data. The assigned weight for
each training data point is inversely proportional to its distance from the
new data point (Fig. 6). Thus, when the classifier performs the regres-
sion, it gives more consideration to “local” data (i.e., the training data in
the K-regions, which are the nearest data to the new ones), leading to
more accurate results compared with a normal regression approach.

Generally speaking, the training of a multilayer perceptron model
involves two main steps: (i) the tuning of the hyperparameters and (ii)
the validation of the model trained with the hyperparameters by using a
subset of the input data [62,63]. In addition to these steps, to obtain a
more accurate prediction of the test data set and thus also of the HRC
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Fig. 6. Operating principles of a K-NN algorithm. Red triangles represent the
nearest training data to the new data (green circle) or “never seen before” input
data. These training data are called “local data” and are confined in specific K-
regions. (For interpretation of the references to colour in this figure legend, the
reader is referred to the Web version of this article.)

value of EPO-Mg, we performed the “cleaning” of the input data for the
algorithm. This data cleaning phase involves two pre-processing pro-
cedures consisting of correlation filtering and Z-Score normalization.
The correlation allows for a reduction of the redundant columns of input
data of Table 1, which do not provide useful or necessary information for
the algorithm and its accuracy. The correlation threshold was chosen as
70%: therefore, all the columns with a correlation value greater than this
were not considered as input data set for our model. Subsequently, the
Z-Score normalization of the input data of Table 1 was also carried out
by applying Eq. (2):

Fig. 5. Artificial neural network model architecture
composed by three layers. M,,, molecular weight (g/
mol); Vyan-der-waals, Van-der-Waals volume (mL/mol),
Vi is molar volume (mL/mol), p is density (g/mL), 5,
is solubility parameter (MPal’?), ecoh is molar
cohesive energy (J/mol), Ty is glass transition tem-
perature (K), C, is molar heat capacity (J/mol-K), N is
the index of refraction and entanglement, M,, is the
entanglement molecular weight (g/mol), THR is the
total heat release (kJ/g), HRC is the heat release ca-
pacity (J/g-K).

HRC
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z=2"F )

where:

e Z is the final normalized value
e x is the original value

e u is the average value

e ¢ is the standard deviation

The Z-Score normalization is very useful to handle outliers and has
been shown in the literature to increase the accuracy of regression
models [64]. After the cleaning process, the input data set appears as
reported in Table S5, which is reduced to eight columns showing values
of M, Vyan-der-Waals, 8p, Tg, N, My, entanglement molecular weight, THR
and char yield for the remaining polymers. Normalized input data set
was used to predict the HRC value of the EPO-Mg.

After the cleaning process, we performed a tuning phase mainly
concerning the search of the values of the hyperparameters able to
minimize both the root mean square error (RMSE) and the mean abso-
lute error (MAE) for the algorithm [65,66]. The minimization of both
errors involved the use of a “Parameter Optimization Loop (POL)”. In the
present research study, POL was exploited for finding the best combi-
nation of hyperparameters (such as the “K” parameter of K-NN algo-
rithm and the internal hyperparameters of the ANN), which minimize
the global error when performing locally weighted regressions on each
subset of the input data (extracted through the “X-Partitioner” node)
[22]. As mentioned, two types of hyperparameters were tuned: “K” (i.e.,
number of neighbors), which belongs to the K-NN algorithm, and the
internal hyperparameters (e.g., the learning rate, the momentum, and
the number of epochs) of the multilayer perceptron [67]. K equal to 9
was found as the best value for our K-NN algorithm, as it gives the lowest
RMSE and MAE. After this tuning phase, the HRC values for the test data
set were predicted (Table S4) and the values of RMSE and MAE were
evaluated at around 145.6 and 186.1, respectively. MAE and RMSE
provide an insight into the average distance between the experimental
values and the ones predicted by the model [65,66]. These values of
MAE and RMSE confirm that our algorithm has a good predictive
capability, as the predicted HRC values are very close to the experi-
mental ones. The trained algorithm provides a predicted value of HRC
for EPO-Mg of around 273 J/g-K (Table S6), which is quite similar to the
experimental value (281 J/g-K), in the range of discrepancy (Table 3).
The whole KNIME workflow employed in this research work to predict
the HRC value is reported in Fig. S2.

4. Conclusions

In this work, we evaluated the fire behavior of an hybrid Mg(OH),-
epoxy nanocomposite and correlated the experimental data to modeling
its heat release capacity. The epoxy nanocomposite exhibited lower
glass transition temperature compared to the unmodified resin, prob-
ably due to the presence of nanocrystals resulting in some disturbing
effects during the establishment of inter-chain interactions. Interest-
ingly, despite the very low loading (~5 wt%) of the in-situ generated
nanofiller, Mg(OH), nanocrystals were able to significantly lower the
fire and smoke parameters during cone calorimetry and pyrolysis com-
bustion flow calorimetry tests, hence enhancing the overall flame
retardant behavior of the epoxy network. Then, a machine learning
approach was designed for building a model, based on simple data (i.e.,
training data), able to make predictions without being explicitly pro-
grammed to perform that function. In particular, the developed artificial
neural network-based system was able to effectively predict the heat
release capacity of the prepared Mg(OH)s-epoxy nanocomposite,
resulting in low error values (MAE and RMSE equal to 145.6 and 186.1,
respectively). This research demonstrates that machine learning may be
considered a valuable tool for predicting the fire performances of novel

Polymer Testing 127 (2023) 108175

flame retardant polymer-based nanocomposites and better designing
their future functionalities.
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